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Work, Family and Social Policy in the United States  




Raising children and taking care of family members, while maintaining a job, and 
without compromising on economic security, career progression or one’s health and wellbeing, is 
a difficult task anywhere. In the United States, it comes with a set of additional challenges 
because of a complete absence or limited reach of supporting work-family policies – policies that 
are designed specifically to help people manage and reconcile their roles as workers and parents 
or caregivers – such as paid and job-protected parental leave, publicly provided or subsidized 
child care, rights to request workplace flexibility or part time work and paid leave to attend to ill 
or disabled family members. Consequently, workers in the US rely heavily on employer 
generosity, informal family support, and a patchwork of provisions available from various levels 
of government and with varying degrees of restrictive eligibility criteria. Researchers have 
repeatedly pointed to the important role of this duality – major changes in women’s work and 
family roles against a system of unresponsive social policies – in explaining important markers 
of women’s progress or paradoxes therein, such as a plateauing of labor force participation rates 
even as they continued to grow in comparable labor markets, existence of a comparatively higher 
wage penalty for having children compared to other high income countries and declining 
subjective wellbeing over a period that saw increasing economic empowerment for women as 
 
 
well as a shift in women’s relationship with employment, with more and more of them 
considering work to be a fundamental aspect of life satisfaction. In my dissertation, I build on 
these lines of enquiry to study how such substantial changes in work and family lives, juxtaposed 
against a comparatively stagnant system of supportive work-family policies, translate into 
mothers’ performance in the US labor market as well as their subjective wellbeing by family and 
employment status and what, if any, is the effect of small but important state level policy shifts.  
The dissertation consists of three related empirical papers. In Paper 1 (co-authored with 
Prof. Jane Waldfogel), we examine changes in the family wage gap –the difference in hourly 
wages between women with children and women without children –over 1977-2007. We use 
data from the Current Population Survey Annual Social and Economic Supplements and adjust 
for selection into motherhood, by estimating ordinary least square models and employing 
augmented inverse probability of treatment weighting, and adjust for employment using 
Heckman selection correction. We find evidence of a significant decline in the motherhood wage 
penalty but only for married mothers. Overall however, there is a persistent 5-8% significant 
penalty to motherhood in both 1977 and 2007.  
While Paper 1 sheds light on mothers’ relative economic well-being compared to non-
mothers, the results may not provide much information on their overall quality of life, 
particularly when the policy environment offers few choices for combining work and family. In 
Paper 2 therefore, I examine patterns in women’s subjective wellbeing by family and 
employment status. I replicate least squares regression models from key prior studies using new 
data – the Behavioral Risk Factor Surveillance System annual surveys from 2005 to 2010 and the 
American Time Use Survey’s Well Being modules, 2012 and 2013 – and additionally estimate 
inverse probability of treatment weighted models, to adjust for selection. I find evidence of a 
 
 
positive association of being a parent with subjective wellbeing as well as a positive association 
of being employed with subjective wellbeing. Confirming prior research, I also find no evidence 
of the combination of these relationships translating into a “double bonus” for wellbeing and 
instead find a penalty to being an employed parent. In more detailed analysis of specific work 
and family categories, I further find that women who are working but not raising families and 
women who are raising families but not working, tend to report higher levels of life satisfaction 
on average than women who are doing both. These results further point to the challenges of 
negotiating work and family responsibilities in the present policy environment.  
While work-family reconciliation policies overall have not caught up to the changing 
demands of the family and the workplace in the US, a handful of states (California in 2004, New 
Jersey in 2009, Rhode Island in 2014 and New York, expected from 2018) have made important 
strides in that regard by implementing paid family leave insurance programs (PFL) – provisions 
that ensure benefit payments when parents take leave from work on account of childbirth, 
thereby making the leave more accessible. These policy changes motivate the focus of paper 3 
where I examine the effects of New Jersey’s 2009 policy change on women’s subjective 
wellbeing. Using data from the Behavioral Risk Factor Surveillance System (BRFSS) annual 
surveys and random child selection modules from 2005 to 2012, I identify potentially eligible 
mothers from individual level variation in month-year of child’s birth and state level variation in 
parental leave policies, and employ a difference in difference research design. Along with overall 
life evaluation, I also look at multiple self-reported indicators of wellbeing, such as self-rated 
general health, physical health, stress, depression and emotional wellbeing and whether adequate 
social and emotional support is available. I find no evidence of a significant effect of the 2009 
policy change in New Jersey on women’s subjective wellbeing overall, but strong evidence of 
 
 
improvements in women’s physical health. I further find variation in effects in subgroup 
analyses, with significant positive effects on the life satisfaction of employed single mothers and 
women from lower-middle income families, as well as significant improvements in the 
experience of stress, depression and emotional wellbeing for groups with such relative socio-
economic disadvantages.   
The dissertation thus explores how the changing nature of work and family lives, 
juxtaposed against a comparatively stagnant system of supportive work-family policies, affect 
the quality of women’s lives in the United States, using both standard measures such as wages 
and newer measures such as subjective wellbeing, and by directly examining how small but 
important state level policy shifts affect women’s wellbeing. Results highlight the importance of 
work-family reconciliation in women’s wellbeing in every socio-economic and demographic 
subgroup, but indicate that the nature of the problem may not be the same everywhere, drawing 
attention to the need for tailored interventions and policies and cautioning against exclusive 
reliance on either objective or subjective measures of wellbeing to monitor social progress and 
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The United States Bureau of Labor Statistics (2014) estimates that between 1975 and 
2014, women’s labor force participation increased from 46% to 57% overall, with more dramatic 
increases for women with children under 18, which went from 47% to 70% in the same period. 
Not surprisingly, today, at least one parent is employed in 97% of married-couple families with 
children; for single mother families, the proportion is close to 70% (Bureau of Labor Statistics, 
2015). Raising children and taking care of family members, while maintaining a job, and without 
compromising on economic security, career progression or one’s health and wellbeing, is a 
difficult task anywhere. In the US, it comes with a set of additional challenges because of a 
complete absence or limited reach of supporting work-family policies – policies that are 
designed specifically to help people manage and reconcile their roles as workers and parents or 
caregivers – such as paid and job-protected parental leave, publicly provided or subsidized child 
care, rights to request workplace flexibility or part time work and paid leave to attend to ill or 
disabled family members. Consequently, workers in the US rely heavily on employer generosity, 
informal family support, and a patchwork of provisions available from various levels of 
government and with varying degrees of restrictive eligibility criteria.  
Researchers have repeatedly pointed to the important role of this duality – major changes 
in women’s work and family roles against a system of unresponsive social policies – in 
explaining important markers of women’s progress or paradoxes therein, such as a plateauing of 
labor force participation rates even as they continued to grow in comparable labor markets 
(OECD 2012, Blau and Kahn 2007, 2013), existence of a comparatively higher wage penalty for 
having children for mothers in the US (Harkness and Waldfogel, 2003; Sigle-Rushton and 





subjective wellbeing over a period that saw increasing economic empowerment for women   
(Stevenson and Wolfers 2009) as well as a shift in women’s relationship with employment, with 
more and more of them considering work as “a fundamental aspect of their satisfaction in life” 
(Goldin 2006). In my dissertation, I build on these lines of enquiry to study how such substantial 
changes in work and family lives, juxtaposed against a comparatively stagnant system of 
supportive work-family policies, translate into mothers’ performance in the US labor market as 
well as their subjective wellbeing by family and employment status and what, if any, is the effect 
of small but important state level policy shifts.  
The dissertation consists of three related empirical papers. In Paper 1, we examine 
changes in the family wage gap –the difference in hourly wages between women with children 
and women without children –over 1977-2007. We use data from the Current Population Survey 
Annual Social and Economic Supplements and adjust for selection into motherhood, by 
estimating ordinary least square models and employing augmented inverse probability of 
treatment weighting, and adjust for employment using Heckman selection correction. We find 
evidence of a significant decline in the motherhood wage penalty but only for married mothers. 
Overall however, there is a persistent 5-8% significant penalty to motherhood in both 1977 and 
2007. While Paper 1 sheds light on mothers’ relative economic well-being compared to non-
mothers, the results may not provide much information on their overall quality of life, 
particularly when the policy environment offers few choices for combining work and family. In 
Paper 2 therefore, I examine patterns in women’s subjective wellbeing by family and 
employment status. I replicate least squares regression models from two important prior studies 
(Bertrand 2013; Deaton and Stone 2014) using new data – the Behavioral Risk Factor 





Well Being modules, 2012 and 2013 – and additionally estimate inverse probability of treatment 
weighted models, to adjust for selection. I find evidence of a positive association of being a 
parent with subjective wellbeing as well as a positive association of being employed with 
subjective wellbeing. Confirming prior research, I also find no evidence of the combination of 
these relationships translating into a “double bonus” for wellbeing and instead find a penalty to 
being an employed parent. In more detailed analysis of specific work and family categories, I 
further find that women who are working but not raising families and women who are raising 
families but not working, tend to report higher levels of life satisfaction on average than women 
who are doing both. These results further point to the challenges of negotiating work and family 
responsibilities in the present policy environment.  
While work-family reconciliation policies overall have not caught up to the changing 
demands of the family and the workplace in the US, a handful of states (California in 2004, New 
Jersey in 2009, Rhode Island in 2014 and New York expected from 2018) have made important 
strides in that regard by implementing paid family leave insurance programs (PFL) – provisions 
that ensure benefit payments when parents take leave from work on account of childbirth and 
other family health needs, thereby making the leave more accessible. These policy changes 
motivate the focus of paper 3 where I examine the effects of New Jersey’s 2009 policy change 
on women’s subjective wellbeing. Using data from the Behavioral Risk Factor Surveillance 
System (BRFSS) annual surveys and random child selection modules from 2005 to 2012, I 
identify potentially eligible mothers from individual level variation in month-year of child’s birth 
and state level variation in parental leave policies, and employ a difference in difference research 
design. Along with overall life evaluation, I also look at multiple self-reported indicators of 





wellbeing and whether adequate social and emotional support is available. I find no evidence of a 
significant effect of the 2009 policy change in New Jersey on women’s subjective wellbeing 
overall, but strong evidence of improvements in women’s physical health. I further find variation 
in effects in subgroup analyses, with significant positive effects on the life satisfaction of 
employed single mothers and women from lower-middle income families, as well as significant 
improvements in the experience of stress, depression and emotional wellbeing for groups with 
such relative socio-economic disadvantages.   
Theoretical Framework 
I combine insights from neoclassical economic theories of the family, particularly the 
theory of human capital, effort and the sexual division of labor (Gary Becker, 1985), and insights 
from the scholarship on individual subjective wellbeing to explore the relationship between work 
–by which I refer to work undertaken for an employer and remunerated by salary or wages, 
family –by which I refer primarily to the role of parent and the associated activities related to 
providing care for children, and social policy –by which I refer to government actions, primarily 
policies, laws, and programs that are meant to address market failures, enhance people’s 
wellbeing broadly defined and generally have a redistributive function.  
The relationship between work and family necessarily entails a trade-off –the more time, 
energy and effort an individual spends at work or in work-related activities, the less time they 
have to spend with family or in care activities and vice-versa. Therefore individuals (and 
households) will choose some combination of their time and energy to allocate to work and to 
family. In Becker’s highly influential model, women’s comparative biological advantage in 
housework and childcare, under the assumption of increasing returns to specialized human 





and time) into this household economy, leaving less available to allocate to the market economy. 
Such a choice would lead to less productivity and switches into less demanding jobs, compared 
to those not making similar choices (while Becker’s original model compared married women 
with married men, the idea has been extended to parents and non-parents more generally).1   
In the above scenario, individuals’ wellbeing or wellbeing maximizing choices are not 
directly known, but through their observed behavior or “revealed preference”, the choices are 
assumed to have been utility maximizing. This reliance on rational, or welfare maximizing, 
behavior and revealed preferences to understand individual choice, is challenged in the 
subjective wellbeing approach (Kahneman and Tversky 1979; Layard 1980, 2006; Kahneman, 
Wakker and Sarin 1997; Easterlin 2005; Kahneman and Thaler 2006;). Important to the 
understanding of the work-family relationship, is the idea that individuals systematically 
mispredict utility due to underestimation of adaptation, distorted memory of past experiences, 
rationalization of decisions ex-post and false intuitions about the sources of future utility (Stutzer 
and Frey 2004, 2006, 2010). Consistent with this prediction problem, people may overvalue 
income relative to care and choose to allocate time for work and family in ways that do not 
optimize their wellbeing (Easterlin 2005). On the other hand, care, by its very nature, is not 
entirely rational, perhaps only to the extent that care and family time are investments in the 
quality of children; in general, love for and the emotional bond with one’s child and family, duty 
and responsibility towards them as well as some degree of altruism and meaningfulness, likely 
motivate caregiving choices and therefore, work-family behaviors or the way individuals allocate 
                                                          
1 Becker’s models (1965, 1985, 1991, 2009) have been utilized, critiqued, built on, questioned 
and written about countless times in the broadly defined gender, work and family literature; see 






time between these two domains and therefore, the trade-offs they make with regard to wages, 
health, stress or wellbeing, may not always demonstrate utility maximizing choices. Finally, in 
the subjective wellbeing framework, both expected outcomes and relative outcomes, particularly 
in the context of income, matter in shaping individual wellbeing (Layard, 1980; Clark and 
Oswald, 1996).  
Based on these two theoretical frameworks, I expect that information about wellbeing 
obtained from subjective assessments such as through life evaluation and that obtained from 
objective measures such as wages, are going to be distinct, both necessary but neither sufficient 
by itself for understanding the true condition and drivers of women’s wellbeing and therefore, 
for choosing appropriate policy responses. Moreover, I will consider both anticipatory and 
relative effects on income and other objective measures of wellbeing as potential mechanisms 







Paper 1. Trends in the Family Gap in Pay, 1977 – 2007  
(Co-authored with Prof. Jane Waldfogel) 
Wages, including relative wages, are a key indicator of women’s economic wellbeing and 
a substantial amount of research has been devoted to documenting and analyzing it. One of the 
important findings of this scholarship is that women’s relatively poorer labor market 
performance is directly related to their parenthood status, such as temporary exits and poor labor 
market attachment following childbirth, perceived or real decline in effort and motivation for 
market work following childbirth, and challenges in simultaneously balancing responsibilities of 
family and work. A series of increasingly rigorous studies have examined the magnitude of the 
family gap in pay – the differential in hourly wages between women with children and women 
without children – at particular points in time, across groups, and across countries. Yet, only a 
couple of published studies have examined trends in the family gap in the US over time and the 
evidence is not directly comparable. Waldfogel (1998a) found that the size of the gap increased 
between the 1980s and 1990s, while Avellar and Smock (2003) found no evidence of change 
comparing two cohorts of employed women over the 1970s-1980s and 1980s-1990s. In this 
paper, we examine the family gap over a longer period of time, using data from 1977 to 2007, in 
order to provide new and updated evidence on the matter.  Moreover, this period is particularly 
interesting from the perspective of mapping a key marker of women’s socio-economic progress 
as it included dramatic changes in family structures, increases in women’s and especially 
mothers’ labor force participation, gradual changes in men’s role in the household, a declining 
gender wage gap, important welfare reforms that primarily affected low income and single 





contrasting economic cycles. Our goal is to learn to what extent the family gap in pay has 
changed over this period and for which groups.  
Using comparable data on nationally representative samples of women from the 1978, 
1988, 1998, and 2008 rounds of the March Current Population Survey (CPS) annual social and 
economic supplements, we estimate ordinary least square models, controlling for various human 
capital, demographic and family characteristics, for each year of data and additionally check the 
robustness of our results by employing augmented inverse probability of treatment weighting 
(AIPW) to adjust for bias associated with selection into motherhood and Heckman selection 
corrected models to adjust for bias associated with selection into employment. To briefly 
preview the results, we find that for women overall, accounting for selection into motherhood, 
the penalty to motherhood in 2007 is similar to what it was in 1977. This overall conclusion is 
unchanged even after taking changes in part-time employment, occupation, and industry into 
account. Results are not uniform, however. We find persistent family penalties for Non-Hispanic 
White women and Black women, but not for Hispanic women. Results by education level also 
reveal considerable heterogeneity. Most strikingly, we find no significant family penalties at any 
year for those with less than a high school education, in contrast to the other education groups for 
whom significant penalties are seen in all four years. Finally, examining trends by marital status, 
we find a marked decline in the family gap for married mothers over the past two decades, a 
period when married fathers’ involvement in child care and household work has been increasing. 
In contrast, we find a sharp increase in the magnitude of the family gap for never married 
mothers in the 1980s and 1990s, a period when welfare reforms pushed many low-skilled single 







There are several possible theories explaining the existence of a family wage gap at any 
given point in time. Drawing mainly on Becker’s work (1965, 1981, 1985), researchers have 
emphasized three possibilities, that are not mutually exclusive. First, mothers and non-mothers 
may differ in terms of their human capital. In addition to differences that may precede and be 
associated with the selection into motherhood, there are likely to be differences that arise 
subsequent to, and as a result of, motherhood. Chief among these would be reductions in work 
experience and job-specific tenure, switches into part-time jobs, and reductions in effort or 
motivation, which follow directly from Becker’s model of household specialization.  
Theoretically, women’s comparative biological advantage in care work might make it 
more efficient for them to put in more resources such as time and effort into the household 
economy; in turn, this would imply less time and effort available for the market economy, which 
might be reflected in reduced work hours and lower wages. Second, mothers and non-mothers 
may work in different types of jobs, with mothers more likely to be concentrated in more family-
friendly occupations or industries and less-demanding jobs (Esping-Andersen 1999, Gornick and 
Meyers 2003, Mandel and Semyonov 2005, 2006).2 Third, employers may discriminate against 
mothers, assuming or perceiving them to be less dedicated or career-focused (Correll, Benard 
and Paik, 2007; Benard and Correll, 2010). Individually and together, each of these ideas may 
explain the presence of a family wage gap.  
These theories provide a useful framework for understanding the family gap in pay, but 
may not fully explain how or why the family gap changed during the period under study because 
                                                          
2 See however Budig and England (2001) who find no evidence of occupational characteristics – 





of the role of several potentially contradictory socio-economic and policy forces.  First, there have 
been changes in women’s labor force attachment patterns over the last few decades, with mothers 
returning to work sooner after childbirth now than they did in the 1970s (Laughlin 2011); married 
mothers in particular, have seen a rising trend in job tenure that is attributable to more continuous 
employment around childbirth (Hollister and Smith 2014). Second, over the past few decades, 
men’s role in both child rearing and household work have increased, with fathers almost tripling 
their time in child care activities between 1965-85 and 2003-08 (Bianchi, Robinson and Milkie 
2006; Bianchi 2011; Parker and Wang 2013). These shifts may have enabled mothers to conserve 
the effort that they would have earlier expended on non-market work. These developments point 
to the possibility of a decline in the family wage gap over the past forty years.   
 On the other hand, federal and state reforms that began in the late 1980s and early 1990s 
and culminated in the 1996 welfare reform, pushed low income single mothers into the labor 
market in large numbers. Such changes in the composition of the workforce may have negatively 
affected trends in the family wage gap, particularly in the 1990s and particularly for some 
groups. Finally, cross-national research across high income countries shows that motherhood 
wage penalties are likely to be relatively lower in countries with stronger work-family 
reconciliation policies (Gornick & Meyers 2003; Misra, Budig, and Moller 2007; Misra, Budig, 
and Boeckman 2011). There is also evidence that mothers who had leave coverage and used it to 
take leave and return to work received a premium almost large enough to offset the penalty from 
having a child (Waldfogel 1998b). The absence of such policies may turn childbirth into a point 
of temporary or permanent exit for women, reducing cumulative work experience and lowering 





of women with children. These developments (or lack thereof) thus predict an increasing, or at 
best, a stagnating family wage gap.   
1.2 Prior Research:  
Researchers have long argued that at least a portion of the gender wage gap is attributable 
to the presence of children and empirical research has shown that there is significant difference 
in the hourly pay between women with children and women without children (Hill, 1979; Fuchs 
1988)3. The earliest studies directly estimating the effect of children on women’s wages found a 
family wage gap of 10-15% (Korenman and Neumark 1992; Waldfogel 1997) and evidence of an 
increasing gap over 1980-1990 even as the gender wage gap was declining.   A robust body of 
research has developed in the two decades since then with the use of increasingly sophisticated 
methods to deal with endogeneity and selection bias. Researchers have used pooled ordinary 
least squares and fixed effects models, as well as instrumental variables models to gauge the link 
between motherhood and wages4.  
There now exist credible estimates of the wage gap at different time periods, from both 
cross-sectional and longitudinal datasets, and for various economic and demographic sub-groups 
of interest. At the same time however, comparing estimates across studies and gauging changes 
in the gap over time from these studies has become increasingly challenging. The research on 
variation by education and skill level, for instance, is inconclusive so far –some researchers have 
found the wage gap to be smaller or even absent at the highest end of the educational attainment 
                                                          
3 Fuchs used Census data from 1960 and CPS data from 1986 and showed that women with 
children earn 7-9% less than childless women. 
 
4 Korenman and Neumark 1992; Taniguchi 1999; Budig and England 2001; Anderson, Binder, 
Krause 2002; Baum II 2002; Avellar and Smock 2003; Amuedo-Dorantes and Kimmel 2008; 






distribution and larger in the middle (Taniguchi 1999; Todd 2001; Anderson, Binder, and Krause 
2003; Amuedo-Dorantes and Kimmel 2005). Contrary to these findings, other researchers have 
found no gaps for the least educated mothers and the largest gaps for women with the highest 
skill levels (Anderson, Binder, and Krause 2002; Wilde, Batchelder, and Ellwood 2010). 
Estimates of the variation in the wage gap by race and ethnicity is somewhat more consistent –
studies find that Hispanic mothers face no wage gap or smaller differentials than other groups 
(Budig and England 2001; Glauber 2007); Black mothers also tend to face smaller differentials 
(Waldfogel 1997; Glauber 2007; but see also Anderson, Binder, and Krause 2003). With regard 
to variation by marital status, some evidence has linked marriage to a larger motherhood penalty 
(Budig and England 2001; Glauber 2007; Loughran and Zissimopoulos 2009) while others have 
found the opposite (Glauber 2013). Budig and  Hodges (2010) included interactions of marital 
status with the number of children at different income quantiles and found that never married 
women earned lower penalties (compared to both the married and the divorced/separated) in the 
bottom quantiles only, while ever-married women at the top earnings quantiles earned a 
motherhood bonus. 5. One study has also looked at the variation by immigration status and found 
a lower wage penalty for immigrant women than for native-born women (Srivastava and 
Rodgers III , 2013) . Most recently, in a cross-national study, Cooke (2014) uses 2004 LIS data 
for the US and re-centered influence function (RIF) regressions, to find a striking 18% penalty at 
the 10th percentile, none at the 90th, and a 2-6% penalty at different points of the earnings 
distribution in between. 6 
                                                          
5 See also Killewald and Bearak (2014) for a re-analysis using unconditional quantile regressions 
and the original researchers’ response in Budig and Hodges (2014).   
 
6 There are many other studies that examine the family gap in other countries, and across 





Most of the above mentioned studies have examined the family gap for a specific point in 
time or for a short period of time. Only a few published studies have examined trends in the 
family gap over time. As mentioned before, Waldfogel (1998a) found that the size of the gap 
increased between the 1980s and 1990s, while Avellar and Smock (2003) found no evidence of 
change comparing two cohorts of employed women over the 1970s-1980s and 1980s-1990s. In 
this paper, we examine the family gap over a longer period of time – using data from 1977 to 
2007.7 We also examine the role played by part-time employment, occupation, and industry and 
how that may have changed over time. Further, we examine the extent to which the family gap 
differs by race/ethnicity, education level, and marital status, and how that variation may have 
changed over time. 
1.3 Data and Methods: 
To assure comparability over time, we use a consistent source of data and apply the same 
methods in each year to adjust our estimates for selection into motherhood and employment. Our 
data are drawn from the Current Population Survey (CPS), a nationally representative survey of 
the non-institutionalized population in the U.S. and the source of official labor force statistics. 
We use the Annual Social and Economic Supplement (March CPS), which provides 
retrospective data on earnings in the prior year as well as comprehensive data on individual 
characteristics and family demographics. We use data from the March 1978, 1988, 1998, and 
2008 surveys, which provide information on earnings in 1977, 1987, 1997, and 2007 
                                                          
2007; Gangl and Ziefle 2009; Cooke, 2014). For a review of the current international evidence, 
see Damian Grimshaw and Jill Rubery (2015).    
 
7  Glauber (2013) carries out a similar analysis for the period 1980-2010. She finds the motherhood 





respectively8. We do not pool together the entire forty years of data because, as discussed below, 
we are interested in addressing selection into motherhood and we cannot reasonably assume that 
to be stable over time. A further argument against pooling the forty five years of data is that the 
coefficients on characteristics in the model may have changed over time. To eliminate extreme 
values, we dropped observations where the hourly wage was <45% of the federal minimum wage 
for the year, and observations where the hourly wage was more than 200$.9 Our primary analysis 
sample in each year consists of women aged 25 to 44 years who worked in the prior year and 
reported some income from employment.10  
Our focal outcome variable is the natural log of hourly wages. We calculate the wage in 
each year by first creating a variable to denote the total hours worked last year (product of weeks 
worked last year and usual hours worked per week last year) and then dividing the annual wage 
and salary income from last year by this variable to arrive at the hourly wage. We adjust wages 
for inflation using the annual average CPI-U (Consumer Price Index, all Urban Consumers, 
provided by the Bureau of Labor Statistics) and express all income in 2014 $. Our key 
independent variable is a dummy variable for mother, which we define based on the presence of 
own children under the age of 18 in the household. We also estimated some models allowing the 
                                                          
8 Our selection of these years is guided by the fact that they are a decade apart and occur at 
roughly similar points in the economic cycle (National Bureau of Economic Research 2010).  
We end our analysis with 2007 because of the Great Recession which occurred immediately 
afterwards. 
 
9 Prior estimates find the maximum hourly wages in the US for 2011 to be 175$ (Mishel and 
Shierholz, 2011). See also Schmitt, 2003; Larrimore, Burkhauser, Feng, and Zayatz, 2008. 
 
10 Restricting analysis to prime-age workers is standard and ensures that estimates are not affected 
by including younger people who may still be enrolled in school or older people who may be 
starting to withdraw from the labor market. We exclude self-employed and unpaid family workers 





associations between motherhood and wages to vary by number of children, and by the age of 
children.  
Estimating the links between children and women’s wages is complicated by selection 
into motherhood. Women who have children (or have more children) may differ from other 
women in ways that also affect their wages; if so, the failure to control for those differences will 
lead to biased estimates of the “effect” of children on women’s pay. The standard approach to 
addressing such selection in the family gap literature is to estimate ordinary least squares (OLS) 
regression models that include controls for the types of characteristics thought to affect both 
motherhood and wages – characteristics such as age, education, race and ethnicity, and so on. 
We adopt this approach in our first set of models, estimating the following equation(s) separately 
for each year:  
Ln. (Wage)i = β0+ β1Motheri + ∑βjXji + εi                                                                  (1.1)  
where Ln(Wage) is the natural log of hourly wage (in 2014 dollars) for the i-th respondent; 
Mother is a dummy variable denoting whether a woman is a mother or not (as defined above); X 
is the covariate vector and includes j demographic, family, and human capital variables (age and 
age squared, educational attainment, marital status, and race and ethnicity). β1 is our coefficient 
of interest in Eq.1 and provides an estimate of the percentage difference in wages between 
mothers and non-mothers in the given year. We also estimate models where we control for part-
time employment, occupation category and industry. We also estimate the same models by 
number of children  
Ln (Wage)i = β0+ βkChildrenki + ∑βjXji + εi                (1.2)   
where, each βk is a coefficient of interest and corresponds to the wage effect of 





A more refined approach to addressing selection is the estimation of propensity score 
matched or weighted models. These models take the same kinds of observed characteristics into 
account and adjust estimates for the likelihood of being in the “treatment” group. A major 
assumption underlying these approaches is the ignorability of treatment assignment or 
conditional independence; that is, conditional on a set of observed covariates, the outcome is 
independent of treatment assignment. (Rosenbaum and Rubin 1983, 1984, 1985). The propensity 
score of a woman or her probability of being a mother, conditional on observed pre-treatment 
covariates, is as follows: 
Motheri = β0  + ∑βj Xji+ +ui              (1.3)   
where, Mother is the binary treatment (Mother or Non-Mother); Xj represents a vector of 
covariates that determine selection into motherhood and includes but is not limited to all 
covariates in the corresponding regression equation. The adjusted regression (equation 1) on a 
sample re-weighted using inverse of the predicted probabilities from this probit model (the 
propensity score), allows us to place more weight on those non-mothers who had a higher 
propensity score11. Specifically, drawing from a growing literature on doubly robust causal 
estimation techniques, we employ augmented inverse probability of treatment weighting 
(AIPW).12 The advantage of a doubly robust estimator is that it combines the outcome regression 
and propensity score approaches such that only one of the two models needs to be correctly 
                                                          
11 Cole and Hernan 2008; Morgan and Todd 2008; Austin 2011; for a discussion of the 
theoretical properties of the IPTW estimator, see Lunceford and Davidian 2004;  
 
12 Robins and Rotnitzky  1995; Robins, Rotnitzky, and Zhao  1995; van der Laan and Robins  2003; 
Bang and Robins  2005;  Tsiatis  2006; Wooldridge  2007; 2010; Tan  2010; Funk et al,  2011; 
most recently summarized in Woolridge and Slozynsky  2014. AIPW and other doubly robust 
causal estimation techniques have been used in statistics, biostatistics and epidemiology but to our 
knowledge, has not previously been applied in the family gap literature, possibly because 





specified to obtain an unbiased effect. (Funk, Westreich, Wiesen, Stu¨ rmer, Brookhart, and 
Davidian, 2011). We assume that our treatment model could be mis-specified but that our 
outcome model is correctly specified and therefore apply the augmented inverse probability of 
treatment weighting (AIPW). The AIPW estimator thus offers us a theoretical advantage over 
simple IPW because it remains unbiased even if the treatment model is mis-specified.  AIPW is 
an inverse-probability-weighted estimator but includes an augmentation term that corrects the 
estimator when the treatment model is mis-specified. If the treatment specification is correct, the 
augmentation term disappears as the sample size becomes large. The estimator requires the 
overlap assumption to be satisfied, that is, each individual should have a positive probability of 
receiving each treatment level.  It is essentially the simple IPW estimator with an augmentation 
term that is the product of two bias terms, one from the outcome model and from the selection 
model, that in large samples, becomes zero, giving the unbiased ATE even when one of the bias 
term is non-zero (that is, either outcome or selection model is incorrect). 
A second challenge to causal estimation is selection into employment. Women, and 
particularly those with children, do not always participate in the labor market, and thus at any 
single point in time, the wage sample will contain a selected group of wage-earners. If that 
selection is correlated with wages (e.g. if the mothers who work are those who face the smallest 
wage penalties), estimates that do not take it into account will be biased. The standard method in 
the family gap literature to address such bias is the use of a Heckman selection correction 
method (James Heckman 1979), whereby the following probit equation predicting selection into 
employment is introduced:  
Selection Si = β0+β1Z + ∑βjXji+u
/





A woman is selected into our wage sample only if Si>0; Z is a variable (we use other household 
income and also, state unemployment rate) that influences a woman’s decision to work, but once 
she is employed, it has no impact on her wages; X is as defined before.13 All three models have 
important limitations. They may not address all the factors associated with selection into 
employment and in particular those that are not observable. In addition, Heckman models rely on 
assumptions about the exogeneity of the predictors used in the selection regression and their 
results may be sensitive to which predictors are included.     
While sample selection correction models have been widely used in this literature, they 
have limitations. They may not address all the factors associated with selection into employment 
and in particular those that are not observable. In addition, they rely on assumptions about the 
exogeneity of the predictors used in the selection regression (in our case, other household 
income), and their results may be sensitive to which predictors are included.14  A further point to 
note is the quantity that they estimate – the wages that mothers would receive if they were in the 
labor market. While this is an interesting estimate, it is not the main estimate that we are 
concerned with here – which is the wages mothers do receive, relative to non-mothers. As is 
evident from this discussion, there are limitations to the methods we use to correct for selection 
into both motherhood and employment. However, for the purposes of this analysis, the key 
element is that the methods we apply are consistent across the four data points. This maximizes 
                                                          
13 Sample selection causes bias because u/i and εi , from equations 1.4 and 1.1 respectively, are 
correlated. Heckman (1979) showed that the sample selection bias can be analyzed as a form of 
omitted variable bias, where the omitted variable λ is the inverse mills ratio obtained from the 
selection equation.  
14 For example, when we estimated our sample selection correction models using the state 





comparability over time and increases confidence that our estimates may be capturing changes 
over time.     
We cannot observe employer discrimination in the CPS. Nor can we observe actual work 
experience, job-specific tenure, or work effort. We can however examine the role played by part-
time work, as well as occupation and industry. We do so, in an additional set of models, by 
augmenting our regressions with controls for part-time work (defined in the CPS as less than 35 
hours per week) as well as controls for occupation (seven categories; reference “professional and 
technical”) and industry (nine categories; reference “agriculture, forestry and fishing”). 
1.4 Results 
1.4.1 Descriptive Results 
Fig. 1.1 Mean hourly wages (2014$) of mothers and non-mothers, 1977-2007  
 
Notes Mean estimation based on data from the 1978, 1988, 1998 and 2008 March Annual Socio 
Economic Supplement of the Current Population Survey (CPS), United States Department of Labor 
(sourced from King et al, 2010 at www.ipums.org). Standard errors in parentheses; *** p<0.001, ** 
p<0.01, * p<0.05; Sample is restricted to prime working age, 25- 44 years; Motherhood status is defined 
by the presence of children under age 18 in the household. Means are weighted by CPS sample weights.  
 
Figure 1 displays the mean wages of mothers and non-mothers in our four annual samples 


































1977 and 1987 - mothers have lower average wages than non-mothers (Fig 1) but the pattern is 
different in the later years – mothers nearly reach parity with non-mothers in 1997, and the 
difference seems negligible in 2007. But of course, these descriptive statistics do not tell us how 
earnings compare holding constant differences in characteristics between the groups. 
1.4.2 Estimates from selection corrected models  
Table 1.1 Estimates of the family gap in pay, 1977 – 2007 
 

















         
Mother -0.086*** -0.075*** -0.095*** -0.101*** -0.057***  -0.064*** -0.047*** -0.042*** 
 (0.011) (0.012) (0.009) (0.009) (0.010) (0.0114)  (0.009) (0.009) 
Obs. 12,599 12,599 18,089 18,089 14,993 14,993 21,384 21,384 
Notes Each coefficient is from a separate regression model of Ln hourly wages (in 2014$) on mother 
dummy variable, based on data from the 1978, 1988, 1998 and 2008 March Annual Socio Economic 
Supplement of the Current Population Survey, United States Department of Labor (sourced from King 
et al, 2010 at www.ipums.org). Standard errors in parentheses, robust standard errors in IPW models; 
*** p<0.001, ** p<0.01, * p<0.05;. (1) is Ordinary Least Squares (OLS), (2) is Augmented Inverse 
Probability of Treatment Weighted (IPW); Sample is restricted to prime working age, 25- 44 years; 
Motherhood status is defined by the presence of children under age 18 in the household. All models 
include controls for age, age_squared, and dummies for education, race, married, as well as year. AIPW 
selection models in 1977, 1987 and 2007: mother = f (age, age_sq, education, marital status, race); 
selection model in 1997: f (age, age_sq, race* marital*education up to three-way interactions); 
covariate balance is checked for each AIPW model such that standardized differences are all close to 
zero, and variance ratios are all close to one, indicating that the weighting technique using estimated 
propensity score, balanced the covariates. 
 
Table 1.1 shows results from our regression models controlling for selection into 
motherhood and Table 1.2 shows results after adjusting for selection into employment. Results 
from Model 1 (OLS models with controls for age, age squared, educational attainment, marital 
status, and race/ethnicity) indicate a significant penalty to motherhood in each year. Comparing 
the OLS results across years, we find that the motherhood penalty has declined over the last four 
decades; it is significantly lower in both 1997 and 2007 than it was in 1977.  Results from AIPW 





magnitude and suggest that there is nothing inherently different in the observed characteristics of 
mothers that explain their lower wages compared to non-mothers. We however do not see a 
significant decline in the overall motherhood penalty in our preferred models, such that for prime 
working age women as a whole, the motherhood penalty is no smaller in 2007 than in 1977. 
Mothers continue to earn on average about 4-7% less than women without children. 15  
Table 1.2 Estimates of the family gap in pay, 1977 – 2007, from Heckman selection 
corrected models 
 1977 1987 1997 2007 
 
Mother -0.095*** -0.160*** -0.085*** -0.068*** 
 (0.017) (0.015) (0.013) (0.010) 
Lambda 0.031 0.308*** 0.277*** 0.252*** 
 (0.048) (0.057) (0.068) (0.053) 
Observations 21,105 25,535 20,763 29,831 
     
Notes Each coefficient is from a separate regression model of Ln hourly wages (in 2014$) on mother 
dummy variable, based on data from the 1978, 1988, 1998 and 2008 March Annual Socio Economic 
Supplement of the Current Population Survey, United States Department of Labor (sourced from King et 
al, 2010 at www.ipums.org). Standard errors in parentheses *** p<0.001, ** p<0.01, * p<0.05; Sample is 
restricted to prime working age, 25- 44 years; Motherhood status is defined by the presence of children 
under age 18 in the household. All models include controls for age, age_squared, and dummies for 
education, race, married, as well as year. “Other household income” is used as predictor in selection 
models.  
 
In Table 1.2, we turn our attention to selection into employment. There are three 
noteworthy results here. First, in all years, the penalty to motherhood becomes slightly more 
                                                          
15 We try several specifications for model balance. However, while richer models, with 
many interactions among covariates should theoretically provide better covariate balance, we are 
not able to formally test these results. Imai and Ratkovic (2014) derived a test for covariate 
balance by viewing the restrictions imposed by balance as over-identifying conditions. This test 
is implemented in each of the above treatment models to check if the weighting balanced the 
covariates. For the main results (except 1997), we check model balance using this formal test. 
However, for the models in the disaggregated results, except for married, none of the models 
reach convergence even after hours of running. This is likely because of the relatively large 
sample size and large numbers of interactions. Overall, OLS and AIPW results are consistent and 






negative, confirming that failure to account for selection into employment leads to biased 
estimates. Second, consistent with this, the selection correction term, lambda, is statistically 
significant and positive in most models (indicating that the error terms in the selection equation 
and the main regression equations are positively correlated), suggesting that it is the women who 
face the smallest wage penalties who are most likely to be employed. Third, although they yield 
slightly more negative estimates, the Heckman results are consistent with the IPW results in 
terms of the trend over time.  
Thus overall, across both selection corrected models, we find an apparent stability in the 
family gap over time, culminating in a significant motherhood penalty in 2007 that is not 
significantly different from the penalty in 1977.16 As discussed, we are not able to explore all the 
possible explanations for the family gap and change or lack of change over time, but we can 
examine the role of part-time work, occupation, and industry, and whether that has changed over 
time. Accordingly, in Table 1.3, we present estimates from models to which we have added 
controls for part-time, occupation, and industry.17 We find, as expected, that the direct effect of 
motherhood is slightly lower when we control for part-time (since a portion of mothers’ lower 
average wages is accounted for by their higher propensity to work in lower-paid part-time jobs), 
but this pattern is seen in each year of our data and does not seem to be changing over time. 
Subsequently controlling for occupation and for industry decreases the motherhood penalty in 
most of our preferred models as expected, and helps explain some of the family gap. However, 
                                                          
16 We also find that the motherhood penalty increased significantly between 1977 and 1987 in all 
models, including a 9.5% to 16% increase in models that correct for selection into employment; 
when we test the 1987 coefficient versus those of the last two years, we find a significant decline 
in the penalty from the exceptionally high 1987 level.  
 
17 We do not include Heckman models here because those would have to account not just for 





after including part-time, occupation, and industry, the pattern over time in the family gap 
remains similar to what we observed in our main models – resulting in a similar overall 
motherhood penalty in 2007 and 1977 in the IPW models. 
Table 1.3 Estimates of the family gap in pay, 1977 – 2007 with controls for part-time, 
occupation, and industry  
     
 1977 1987 1997 2007 
 OLS IPW OLS IPW OLS IPW OLS IPW 
Baseline         
Mother -0.086*** -0.062*** -0.095*** -0.109*** -0.057*** -0.064*** -0.047*** -0.053*** 
 (0.011) (0.017) (0.009) (0.011) (0.010) (0.011) (0.009) (0.010) 
       
+ Part Time       
Mother -0.079*** -0.048** -0.073*** -0.083*** -0.046*** -0.053*** -0.036*** -0.035** 
 (0.011) (0.018) (0.009) (0.013) (0.010) (0.012) (0.009) (0.011) 
      
+Part Time +Occupation      
Mother -0.080*** -0.039* -0.073*** -0.079*** -0.046*** -0.050*** -0.035*** -0.034** 
 (0.010) (0.016) (0.009) (0.012) (0.010) (0.012) (0.009) (0.011) 
     
+Part Time +Occupation + Industry      
Mother -0.069*** -0.038* -0.071*** -0.079*** -0.042*** -0.051*** -0.036*** -0.035*** 
 (0.010) (0.016) (0.009) (0.012) (0.010) (0.011) (0.009) (0.010) 
         
N 12,599 12,599 18,089 18,089 14,993 14,993 21,384 21,384 
Notes. Standard errors in parentheses, robust standard errors in IPW models; *** p<0.001, ** p<0.01, * 
p<0.05. All models include the usual covariates – age, age_squared, and dummies for education, 
race/ethnicity, and marital status. The first panel “Baseline” reports the main coefficients from Table 1 for 
ease of comparison. Details about selection models– In the second panel “+ Part Time”, selection models 
for the 1978 and 1988 samples: mother = f(age, age_sq, education, marital status, parttime, race, 
age_sq*race, marital*education, parttime*education); 1998 and 2008: mother = f(age, age_sq, education, 
marital status, race, parttime, marital*education*race two-way and three-way interactions, 
parttime*marital) ; In the second panel “+Part Time + Occupation” and third panel “+Part Time + 
Occupation” , the following selection models provides strong balance in 2008 and moderate balance in 
the earlier years. 1978 and 1988: mother = f(age, age_sq, education, marital status, parttime, occupation 
dummies, industry dummies, race, age_sq*race, marital*education, parttime*education); 1998 and 2008 
mother = f(age, age_sq, education, marital status, race, parttime, occupation dummies, industry dummies, 
marital*education*race two-way and three-way interactions, parttime*marital)  
 
Finally, we would like to know to what extent the family gap varies across groups and 
whether that variation has changed over time. We therefore repeat our main models for sub-





race/ethnicity, the results for non-Hispanic white women mirror the results for the overall 
sample; we find persistent significant negative penalties around 5.5-7.5% for non-Hispanic 
White women (although with a sharp increase to 13.5% in 1987). For non-Hispanic Black 
women, we find a similar persistent negative penalty of 7.6-8% (but a sharp increase to 12.8% in 
1997). In contrast, among Hispanic women, there was no significant wage penalty in any year 
except 1997, when there is a significant 4.6% penalty to motherhood.  
Table 1.4 Estimates of the family gap in pay, 1977-2007, by race and ethnicity 
 1977 1987 1997 2007 
 OLS IPW OLS IPW OLS IPW OLS IPW 
 
Non-Hispanic White        
Mother -0.100*** -0.075*** -0.107*** -0.135*** -0.049*** -0.058*** -0.047*** -0.055*** 
 (0.012) (0.019) (0.010) (0.013) (0.012) (0.015) (0.011) (0.013) 
N 9,802 9,802 14,365 14,365 11,093 11,093 15,273 15,273 
Non-Hispanic Black        
Mother -0.089*** -0.081*** -0.077*** -0.081*** -0.132*** -0.128*** -0.073*** -0.076*** 
 (0.012) (0.019) (0.010) (0.013) (0.012) (0.015) (0.011) (0.013) 
N 1,412 1,412 1,920 1,920 1,630 1,630 2,578 2,578 
Hispanic          
Mother 0.018 0.014 0.010 0.003 -0.041 -0.046* -0.038* -0.034 
 (0.033) (0.032) (0.029) (0.031) (0.027) (0.027) (0.022) (0.025) 
N 1,385 1,356 1,804 1,804 2,270 2,270 3,533 3,533 
Notes Standard errors in parentheses, robust standard errors in IPW models; *** p<0.001, ** p<0.01, * 
p<0.05 (All models include the usual covariates – age, age_squared, and dummies for education, 
race/ethnicity, and marital status; selection models are same across all four years in the given panel; Non-
Hispanic White: mother =f(age, age_sq, education, marital, age*age_sq*education*marital all two-way, 
three-way and four-way interactions); Non-Hispanic Black: mother =f(age, age_sq, education, marital, 
education*marital); Hispanic: mother =f(age, age_sq, education, marital, education*marital).  
 
As discussed earlier, previous research has obtained mixed results as to how motherhood 
penalties vary by education level. In our results, the only group exempt from motherhood 
penalties is the lowest education group (those with less than high school education). We find 
significant penalties for all other education groups and little clear evidence of a difference in 





decline in the penalty over time. For college graduates, we find significant penalties in all years 
except 1977.  
Table 1.4: Estimates of the family wage gap by Education 
 
 1977 1987 1997 2007 
 OLS IPW OLS IPW OLS IPW OLS IPW 
 
Less than high school diploma       
Mother -0.020 -0.009 -0.020 -0.027 -0.004 -0.010 -0.032 -0.002 
 (0.026) (0.028) (0.029) (0.031) (0.036) (0.035) (0.030) (0.037) 
N 2,168 2,168 1,725 1,725 1,258 1,258 1,545 1,545 
High school diploma       
Mother -0.125*** -0.115*** -0.108*** -0.105*** -0.063*** -0.051***  -0.035** -0.038** 
 (0.017) (0.017) (0.014) (0.014) (0.017) (0.018) (0.018) (0.019) 
N 5,544 5,544 7,583 7,583 4,703 4,703 5,388 5,388 
Some college        
Mother -0.102*** -0.121*** -0.114*** -0.117*** -0.107*** -0.107*** -0.083*** -0.074*** 
 (0.024) (0.029) (0.019) (0.019) (0.018) (0.018) (0.016) (0.016) 
N 2,298 2,298 4,209 4,209 4,618 4,618 6,701 6,701 
Bachelor’s degree        
Mother -0.083*** 0.026 -0.117*** -0.179*** -0.034 -0.050* -0.055*** -0.061*** 
 (0.022) (0.054) (0.019) (0.031) (0.021) (0.027) (0.018) (0.020) 
N 2,589 2,589 4,572 4,572 4,414 4,414 7,750 7,750 
Notes Standard errors in parentheses, robust standard errors in IPW models; *** p<0.001, ** p<0.01, 
*p<0.05 All models include the usual covariates – age, age_squared, and dummies for education, 
race/ethnicity, and marital status. Details about selection models Less than High School: consistent across 
all four years, mother = f (age, age_sq, marital, race, age_sq*race marital*race); High School Diploma: 
selection models 1978: mother =f (age, age_sq, race, marital, age*race*marital all interactions); 1988, 
1998, and 2008: mother=f(age, age_sq, race, marital, race*marital); Some College: 1978: mother =f(age, 
age_sq, race, marital, age*age_sq*race two-way and three way interactions); 1988: mother =f(age, 
age_sq, race, marital, age_sq*marital, age*age_sq*race two-way and three way interactions); 1998: 
mother =f(age, age_sq, race, marital, marital*age_sq*race two-way and three way interactions); 2008: 
mother =f(age, age_sq, race, marital, , native, region, marital*age_sq*race two-way and three way 
interactions); College Graduate: mother = f (age, age_sq, race, marital, age*marital, age*race); 1988: 
mother = f(age, age_sq, race, marital, race*marital, age*race, ace_sq*race, age_cube, age_cube*race, 
age*marital, age_sq*marital, age_cube*marital); 1998:mother = f(age, age_sq, race, marital, 
age*marital*race all up to three-way interactions) ; 2008: mother = f(age, age_sq, race, marital, 
age*marital*race up to three-way interactions)  
 
Finally, results by marital status provide evidence that motherhood penalties have fallen 
significantly over time for married mothers. When we restrict our analyses to married women 





8-9% in the 1970s and 1980s to 3% in the 1990s and 2000s, Penalties for previously married 
mothers do not reveal a similar decline over time; and those for never married mothers rose 
sharply in the 1980s and 1990s.   
Table 1.6 Estimates of the family wage gap, by marital status 
 1977 1987 1997 2007 
 OLS IPW OLS IPW OLS IPW OLS IPW 
 
Married         
Mother -0.075*** -0.081*** -0.091*** -0.091*** -0.030** -0.034** -0.027** -0.027** 
 (0.013) (0.013) (0.011) (0.011) (0.013) (0.013) (0.013) (0.013) 
N 8,687 8,687 11,572 11,572 9,121 9,121 12,647 12,647 
Previously Married       
Mother -0.091*** -0.092*** -0.082*** -0.082*** -0.019 -0.021 -0.068*** -0.073*** 
 (0.020) (0.021) (0.018) (0.018) (0.022) (0.021) (0.020) (0.021) 
N 2,333 2,333 3,356 3,356 2,657 2,657 3,615 3,615 
Never Married        
Mother -0.096** 0.056 -0.125*** -0.209*** -0.184*** -0.182*** -0.087*** -0.105*** 
 (0.041) (0.091) (0.027) (0.044) (0.024) (0.032) (0.018) (0.023) 
N 1,579 1,579 3,161 3,161 3,215 3,215 5,122 5,122 
Notes Standard errors in parentheses, robust standard errors in IPW models; *** p<0.001, ** p<0.01, * 
p<0.05 All models include the usual covariates – age, age_squared, and dummies for education, 
race/ethnicity, and marital status. Details about selection models pertaining to IPTW regressions – 
selection model for both Married and Previously Married is across all years, mother = f (age, age_sq, 
race, education, education*race). Never Married: selection model for 1978 is mother = f (age, age_sq, 
race, education, age*education, age_cube, age*race, age_sq*race, region, region*race); 1988: mother = f 
(age, age_sq, education, race, age*education). Selection models for 1998 and 2008: mother = f (age, 
age_sq, race, education, education*race, education*age) in both years.  
 
1.4.3 Supplementary Estimates 
 We carried out several supplementary sets of analyses to test the robustness of our results 
(Appendix A). First, we re-estimated our main models for different age groups -- expanding the 
sample to include younger workers (adding those age 18-24) or older workers (adding those age 
45-55) or both. Second, we re-estimated our main models including workers who were self-
employed. These changes slightly altered the point estimates of the effects of motherhood, but 






  This paper had a modest goal – to re-visit the family gap in pay in the U.S. and 
determine whether it has changed over time. Using comparable data from the March CPS and 
contemporary methods to control for bias associated with selection into motherhood and 
employment, we find that for prime working age women as a whole, the family gap is no smaller 
in 2007 than it was in 1977. Holding constant differences in demographic and human capital 
characteristics, in our preferred models, women with children earn on average about 5-8% less 
than women without children in both years. However, this overall story masks considerable 
heterogeneity in the size of the gap, and trends in the gap, by race/ethnicity, education, and 
marital status. Both non-Hispanic White and Non-Hispanic Black mothers have always received 
lower wages than otherwise comparable non-mothers, but the wage penalty reached its highest 
level in 1987 and 1997 respectively for these groups; Hispanic mothers historically did not face a 
motherhood penalty although we do find evidence of a penalty in 1997. We also find divergence 
in motherhood wage penalties by education level. We find significant wage penalties to 
motherhood among women with a high school or more education, but not for those with less than 
a high school education. In future work, sample sizes permitting, it would be useful to examine 
differences by education level within race/ethnic groups since variation by the two sets of factors 
may be confounded. Finally, we see heterogeneity in the motherhood wage penalties by marital 
status. For married women, the significant negative penalties to motherhood in the earlier 
decades are generally smaller in the most recent data. We find the opposite scenario for never-
married women.  
 We were not able to take into account some key factors including women’s work 





may have played in the changing family gap.  This is an important topic for future research. 
Although work effort and motivation are difficult to measure in large datasets, analyses using 
longitudinal data could shed light on the role that changes in work experience and job tenure 
have played. 
While we cannot formally test explanations for what we find in terms of both change and 
lack of change in the family gap over time, we draw upon theory and prior research to posit a 
few possible explanations for our findings. First, there has been a change in women’s labor force 
attachment patterns over the last few decades, with mothers returning to work sooner after 
childbirth now than they did in the 1970s. Among women with a first birth, only 22% were 
working 3 months after birth and about 40% were working 12 months after birth in 1976-80; 
these proportions increased to 44% and 64% respectively in 2005-07 (Lynda Laughlin 2011). 
Recent research further suggests that married mothers in particular, have seen a rising trend in 
job tenure that is attributable to more continuous employment around childbirth (Hollister and 
Smith 2014).Inasmuch as employment continuity as well as work experience are critical to 
wages, married mothers’ increased labor force attachment should help explain the narrowing of 
the family wage gap for that group. However, the most dramatic decreases in women’s time 
away from the labor force following a first birth took place in the 1980s with only a very gradual 
progression afterwards, whereas in our analysis, the significant fall in the wage gap for married 
mothers occurs in the 1990s. This pattern in the data suggests that changes in labor force 
attachment post-birth may not have played a large role in reducing the family gap for this group, 
or perhaps did so with a lag.  
 Second, changes in men’s roles could help explain the declining family gap for married 





spending more time in childrearing than they did in earlier decades, the increase for fathers has 
been greater, with fathers almost tripling their time in child care activities between 1965-85 and 
2003-08 (Bianchi, Robinson and Milkie 2006; Bianchi 2011; Parker and Wang 2013). Moreover, 
mothers’ time in household work has declined sharply over time with a corresponding increase in 
father’s household work time (Parker and Wang 2013). These shifts in the patterns of child 
rearing and household work might have helped close the wage gap between mothers and non-
mothers by enabling mothers to conserve the effort that they would have earlier expended on 
non-market work. In addition, fathers’ greater involvement in child care and household work 
may have facilitated mothers’ increased labor force participation (Sara Raley, Suzanne Bianchi, 
and Wendy Wang 2012). Our results for married mothers are consistent with this explanation. 
When we restrict our analyses to married women only, we find that the wage gap between 
mothers and non-mothers narrowed substantially from 8-9% in the 1970s and 1980s to 3% in the 
1990s and 2000s, which roughly corresponds with the period when men’s child care and 
household work involvement was increasing.18 
 Third, changes in the composition of the workforce could affect trends in the family gap.  
In particular, the 1996 federal welfare reform (following earlier federal and state reforms that 
begin in the late 1980s and early 1990s) pushed low income single mothers into the labor market 
in large numbers. If those newly entering the labor market had lower skills than the women who 
worked prior to welfare reform, this change in the composition of the workforce could have led 
to an increase in the family gap in the 1990s. We find some evidence of this in our results for 
                                                          
18 It is important to note that selection into marriage has changed (see for instance, discussion in 
Lundberg and Pollack 2007), and the presence of a father, whether or not they are married, might 
affect the motherhood wage gap. In future work, it would be useful to explore differences 





Black and Hispanic women (who are more likely than non-Hispanic white women to be low 
income) and further evidence when we estimate our models separately for never married women 
(who are most likely to be affected by welfare policy).19  
Finally, given the importance of continued labor force attachment and better job matches 
on mothers’ wages, the lack of strong work-family policies could explain to a large extent why 
the motherhood penalty has remained relatively stable in the U.S. over time. Cross-national 
research shows that family gaps in employment and wages are likely to be relatively lower in 
countries with stronger work-family reconciliation policies (Gornick and Meyers 2003; Misra, 
Budig, and Moller 2007; Misra, Budig, and Boeckman 2011).20 There is also research showing 
that a moderate duration of paid parental leave has a positive effect on women’s wages (Ruhm 
1998), and that  mothers who had leave coverage and used it to take leave and return to work 
received a premium almost large enough to offset the penalty from having a child (Waldfogel 
1998b).On the other hand, researchers testing the effect of the Family and Medical Leave Act 
(1994) – which provides only an unpaid leave of 12 weeks to eligible mothers in the US – have 
found no such positive wage effect (Waldfogel 1999; Baum II 2003). A rigid work-family policy 
environment that does not accommodate parents’ needs, is likely to be particularly costly for 
                                                          
19 Another possibly relevant change in the composition of the workforce is the increase in highly 
skilled women opting out of the labor market in the 2000s. However, according to Boushey (2008), 
this trend has been primarily driven by the weak economy and has affected both non-mothers and 
mothers, suggesting that it is not likely to explain changes in the wage gap between mothers and 
non-mothers. 
 
20 However, the specific bundle and design of such policies are likely to matter, as cross-national 
research finds family wage gaps in both the U.S. and the Nordic countries (Sigle-Rushton and 
Waldfogel, 2007). In unpublished work, Budig, Misra, and Boeckman (2012) test the 
relationship of the motherhood penalty to specific policies in a cross national context. They find 
publicly available child care for 0-3 year olds as well as for children above age 3 to be associated 
with lower motherhood penalties; they also find a curvilinear relationship of the wage penalty 





highly skilled women. In a study of gender gaps in labor market performance of high skilled men 
and women, all MBA graduates, researchers find large declines in labor force participation in the 
year of a first birth and a strong likelihood of further decline over the next four years; further, 
they find the presence of children to be associated with less accumulated experience, more and 
longer career interruptions, shorter work hours and wage penalties for female MBAs that are 
modest in the first year of birth but increase sharply soon afterwards (Bertrand, Goldin and Katz 
2010). The authors caution against generalizing these results to all highly skilled women with 
children since labor market behavior for mothers does not show similar tendencies in other 
professions like academia, medicine or law (Goldin and Katz 2008, Bertrand, Goldin and Katz 
2010).  
Thus, it appears likely that many factors may help explain the recent changes and lack of 
changes in the family gap, and that the relevant factors may vary depending on the group 
considered. For married women, their own increased labor force attachment, but also changes in 
their husbands’ behavior, seem to be relevant, while for unmarried women, the dramatic change 
in welfare policies in recent decades may be particularly consequential.  Of concern, these 
changes appear to work in opposite directions, leading to reduced family gaps for married 
mothers but continued or possibly increased gaps for unmarried ones. If so, we may be entering a 
period of diminished inequality between mothers and non-mothers, but potentially increased 






2. Patterns in Women’s Subjective Wellbeing by Work and Family Status 
The remarkable social, economic and political progress that women in the United States 
have been directly and indirectly affected by since the 1960s, have translated into many gains 
and achievements in education, in the labor market and in terms of women’s political agency. 
However, the promise of a rewarding career outside the home that would exist alongside the 
satisfaction of raising a family, remains largely unfulfilled. This popular sentiment and 
frustration was captured in a very popular article titled “Why women still can’t have it all” that 
was published in the Atlantic magazine in 2012. Written by an accomplished foreign policy 
analyst and academic, Anne Marie Slaughter, the article generated a renewed interest in the 
irreconcilability of the pulls of work and family in the present socio-economic and policy 
environment, in the mainstream public conversation, and was followed by a surge in publications 
on closely related themes21. Empirical evidence on this matter is however, very limited. To my 
knowledge, only one recent paper (Bertrand 2013) has substantiated this anecdotal evidence by 
empirically examining whether and how having both a career and a family, are associated with 
college educated women’s subjective wellbeing, a cognitive evaluation of life, generally 
measured by respondents’ satisfaction with their lives, all things considered.22   
                                                          
21 Lean In by Sheryl Sandberg (2013), Sex, Power and the Quest for Perfection by Deborah Spar 
(2013), The XX Factor by Alison Wolf (2013), Unfinished Business by Anne Marie Slaughter 
(2015), Overwhelmed by Brigid Schulte (2015), Beyond Happy –women, work and wellbeing, by 
Beth Cabrera (2015), Finding Time –the Economics of Work-Life Conflict by Heather Boushey 
(2016), to name a few.  
    
22 Related prior work in Goldin (1995, 1997, 2004) has examined to what extent different cohorts 
of women were able to achieve their career and family goals, by measuring what proportion of 
college educated women had both a career and a family usually by age 40. See also discussion of 
this line of work in Blau, 1998. Finally, in The Time Bind (1997), Arlie Hochschild reported 
employed parents’ subjective experience with work-life balance; this type of examination is quite 





The issue of work-family conflict is not exclusive to the college educated, although it is 
likely very different at different portions of the earnings distribution (Williams and Boushey 
2010; Bianchi 2011). In this paper, I examine patterns in women’s subjective wellbeing by 
family and employment status for all women and also disaggregated by education status and own 
or family income23. Using new data – the Behavioral Risk Factor Surveillance System annual 
surveys from 2005 to 2010 and the American Time Use Survey’s wellbeing modules, 2012 and 
2013 – I replicate least squares regression models in prior studies (Bertrand 2013; Deaton and 
Stone 2014 who examine the selection problem in estimating the relationship of parenthood with 
subjective wellbeing) and additionally estimate inverse probability of treatment weighted 
models, to adjust for selection. In examining these patterns, I use two key measures of subjective 
wellbeing, life satisfaction and Cantril’s life evaluation ladder (Cantril, 1965), as well as a 
number of related wellbeing indicators such as self-reported health status, emotional and mental 
health, and adequacy of rest and sleep.   
To briefly preview the results, I find evidence of a positive association of being a parent 
with subjective wellbeing as well as a positive association of being employed with subjective 
wellbeing. Confirming prior research, I also find no evidence of the combination of these 
relationships translating into a “double bonus” for wellbeing and instead find a penalty to being 
an employed parent. This core pattern is identical across measures of subjective wellbeing, 
model specifications and datasets. The pattern also exists for all but the lowest socio-economic 
groups, as characterized by education level and family income. However, there are differences in 
the wellbeing penalty between subgroups; for instance, women with a Bachelor’s degree and 
                                                          
23 Family status in this paper is equivalent to parenthood status and is defined as having a child 





above face a significantly higher wellbeing penalty for being an employed parent than those with 
less education. In more detailed analysis focused on more specific categories of work and family 
status, I further find that women who are working but not raising families and women who are 
raising families but not working, tend to report higher levels of life satisfaction on average than 
women who are doing both.  
The paper is organized as follows. Section 1 discusses theoretical frameworks explaining 
the alternate patterns of subjective wellbeing by employment and family status, section 2 reviews 
prior research on the determinants of subjective wellbeing, focusing particularly on the 
relationship of parenthood and of labor force status with subjective wellbeing. Section 3 
describes the data and methods used. Section 4 describes findings and is further divided into 
three sub-sections –section 4.1 provides descriptive results, section 4.2 provides results from 
ordinary least squares regressions and section 4.3 reports results from treatment effects models. 
Section 5 considers alternate explanations for the observed patterns and concludes with a brief 
discussion of limitations of the study and its implications for policy and research.  
2.1 Theory  
The act of balancing the expectations of parenthood and employment and achieving both, 
might enhance or hinder individual subjective wellbeing through various mechanisms like 
income (employment may raise income, while parenthood may be costly), positive emotions and 
sense of fulfillment, along with increases in day-to-day stresses and worries (Nelson, Kushlev 
and Lyubomrsky 2014a,b; Kahneman and Deaton 2010). On the other hand, energy and effort 
expended in one aspect of life (primarily, household and childcare work) might diminish the 





scenario of a negative spillover from work to family is also possible and together might 
negatively affect overall wellbeing (Nelson et al 2014a, b.).  
While some of these mechanisms are universal, the nature of the work-family dilemma is 
to a large extent, different for different portions of the income distribution. At the top, women 
may be coping with too many hours away from family with little scope for flexibility but access 
to relatively generous paid family and sick leave or the income to afford the best quality of 
childcare among other things. At the bottom, women may be coping with too few hours of work 
to qualify for any employment benefits, may be above the income threshold to qualify for public 
assistance and may have too much variation in hours of work, not to mention limited resources 
for good quality childcare arrangements (Williams and Boushey 2010, Bianchi 2011). This does 
not necessarily predict variation in patterns of subjective wellbeing by work and family status 
according to position in the income distribution because irrespective of the underlying 
mechanism, the overall relationship of the parenthood-employment interaction with subjective 
wellbeing may be similar.  
In her study on the subjective wellbeing (SWB) effects of career and family among US 
college graduates, Bertrand (2013) postulates that women who fit the anecdotal definition of 
“having it all” –that is, both career and family – would intuitively be expected to report higher 
levels of SWB than women who have met only one or neither of these two goals. However, she 
mentions two important factors that can diminish this expected higher SWB –the first of these is 
the “hedonic treadmill” which refers to the idea that individuals adjust to their life circumstances 
quite quickly; the empirical effect of important life events or circumstances on individual SWB 
is found to be small by some researchers (Kahneman and Krueger 2006) but others have argued 





“aspiration treadmill”, which refers to the idea that individuals will adjust their SWB aspirations 
to the utility that they experience (Bertrand 2013). Again, parenthood usually means less control 
over time as well as scheduling conflicts between the needs of the employer and that of children. 
Taking all things into consideration therefore, the “effect” of parenthood or employment on 
subjective wellbeing is theoretically indeterminate. 
2.2 Prior Research  
Several prior studies have estimated the relationship between parenthood and subjective 
wellbeing in the US, using both longitudinal and cross sectional data and both hedonic and 
evaluative measures of wellbeing24. Hedonic measures of wellbeing are those that measure 
momentary states of being or emotional states such as happiness, physical pain and so forth, 
whereas evaluative measures of wellbeing attempt to capture a cognitive evaluation of life that 
may be domain specific (relationships, employment, and so forth) or global (all things 
considered). Stevenson and Wolfers (2009) found a declining trend in subjective wellbeing of 
women overall as well as mothers, with no significant difference between working and non-
working parents or between single and married parents, over the period 1970 – 2005 in cross-
sectional data from the General Social Survey. Using the NLSY (National Longitudinal Survey 
of Youth) 1997 cohort, Grossbard and Mukhopadhyay (2010) found no effect of children on 
women’s overall happiness in the period 2000-2006. Again, using the Gallup survey, Deaton and 
Stone (2014) found that the presence of a child has a small negative association with life 
evaluation of parents in the US. There is also evidence linking children with significant increases 
in stress, sadness and worry (Kahneman, Krueger, Schkade, Schwarz and Stone, 2004). Finally, 
                                                          
24 For recent international evidence, see Myrskylä and Margolis (2014) and Connelly and 






using the American Time Use surveys’ 2010 Wellbeing module and the General Social Surveys 
1972-2010, Bertrand (2013) found that for college-educated women in the US, there was a 
wellbeing premium from having a career as well as from having children but not from having 
both. Overall, the evidence on the relationship of parenthood with subjective wellbeing, is very 
mixed.  
In their recent paper, Deaton and Stone (2014) quite convincingly explain the discrepant 
findings in the literature in terms of a strong selection effect. They challenge the premise of most 
studies examining the relationship between parenthood and SWB by arguing that the direct 
comparisons of people with and without children treats children as if they were randomly 
allocated. Instead they posit a theory of children and wellbeing in which adults sort into 
parenthood according to their preferences; in that scenario, people who have a taste for children 
anticipate higher SWB from having children and will therefore have lower SWB if they could 
not have children. Similarly, people who prefer to not have children anticipate higher SWB from 
not having children and will therefore have lower SWB if they were to accidentally have 
children. They show that without adjusting for selection, parents have higher life evaluation than 
non-parents but once selection is adjusted for, non-parents have slightly higher SWB than 
parents.  
With regard to labor force status and subjective wellbeing, being unemployed has been 
consistently related to lower levels of evaluative and hedonic wellbeing (Clark and Oswald 1994; 
Di Tella and MacCulloch 2001, 2003; Winkelmann and Winkelmann, 1998; Clark, 2003; Frey 
and Stutzer, 2002).25 Those out of the labor force, such as the retired and housewives (Easterlin 
                                                          






2005; Boye 2011; van der Meer 2014), tend to report higher levels of subjective wellbeing than 
the unemployed. Researchers have speculated that other than income, social approval may 
explain the higher SWB of groups out of the labor force as compared to the unemployed.  
The body of evidence on income and other important determinants of subjective 
wellbeing is also very relevant to this study. Research based on cross-sectional data is largely 
consistent in showing a positive relationship between individual income and subjective 
wellbeing while local income as a measure of relative income has been found to have a negative 
relation with subjective wellbeing (Deaton and Stone 2013; Helliwell, Layard and Sachs 2012). 
While the older literature pointed to the existence of some threshold value for individual income 
beyond which there is not additional gain to subjective wellbeing, recent works addressing this 
matter does not find evidence of such a “satiation point,” in case of evaluative wellbeing 
measures like life satisfaction (Kahneman and Deaton 2010; Stevenson and Wolfers 2013). 
However, in case of hedonic wellbeing, Kahneman and Deaton (2010) estimate a satiation point 
of individual earnings at $75,000, such that there is no evidence of higher positive affect just 
above, or lower negative affect just below, this threshold.  
Other than Bertrand (2013), the above studies do not examine the joint effect of 
parenthood and employment. Bertrand finds no evidence of greater SWB from having both 
career and family. I want to understand if this is true on average, or if it is specific to the higher 
educated groups that she studies. I therefore build on this work and expand it to include women 
of all educational levels. I also use two more recent years of the ATUS Wellbeing module and 







2.3 Data and Methods 
I use two sources of data. The first is the American Time Use Survey (ATUS) 2012 and 
2013 Wellbeing Module26. The ATUS is an annual time use survey conducted by the United 
States Bureau of Labor Statistics since 2003. In 2012 and 2013, it explicitly collected data on 
global measures of life satisfaction. The data is very well-suited for this analysis because it 
allows me to identify parents and separate them by age of the youngest child, and provides key 
employment characteristics as well as demographic and family information. It also includes 
several related measures of wellbeing such as self-reported health status, physical pain, well 
rested or not, and whether yesterday was a good, bad or typical day, the latter corresponds to a 
momentary affective state or a hedonic wellbeing indicator and is qualitatively different from the 
life evaluation measure. My second data source is the Behavioral Risk Factor Surveillance 
System (BRFSS). Conducted by the Center for Disease Control (CDC), the BRFSS is the largest 
continuous health survey in the world and it surveys U.S. residents regarding their health-related 
risk behaviors, chronic health conditions, and use of preventive services. From 2005, the survey 
has included questions on life satisfaction. BRFSS data is particularly suited to complement this 
analysis since its large sample size allows for a more nuanced comparison among respondents 
with different employment and parenthood statuses. It also provides information on several self-
evaluated health, mental and emotional health outcomes including adequacy of sleep and 
availability of social and emotional support. Weighted, both datasets are nationally 
representative of the adult US population.  
                                                          






I restrict my analytic sample to women aged 18-65 years (N in ATUS: 7473; N in 
BRFSS: 760,017) and mainly focus on the prime working age sample of women 25-44 years (N 
in ATUS: 3689; N in BRFSS: 315,041).  My main outcome variable of interest is subjective 
wellbeing. From the ATUS, I use as my dependent variable, a global evaluation of life measured 
using Cantril’s Self Anchoring Ladder of Life Satisfaction (Cantril, 1965). Respondents are 
asked to imagine a ladder with 10 rungs, such that the top of the ladder represents the best 
possible life for him/her and the bottom represents the worst possible life. The respondent is then 
asked “where do you feel you stand at the present time”? Thus, it is theoretically an equal 
interval measure and can be treated as a continuous variable (Levon & Currie, 2013), something 
that is not possible with more commonly used measures of life satisfaction that tend to use four 
to six category indicators, such as ranging from extremely satisfied to not at all satisfied. The 
BRFSS data uses such a standard measure of life satisfaction. In the BRFSS, I use as my 
dependent variable, answers to the question “In general how satisfied are you with your life?" 
The response categories are very satisfied, satisfied, dissatisfied, very dissatisfied. Similar to 
prior studies using the BRFSS data to examine subjective wellbeing in the US (Oswald and Wu, 
2010), I note that responses to this question are skewed, with the two positive responses 
significantly more common. I therefore recode this variable into a dichotomous variable 
indicating whether a person is “very satisfied” or not. For easy comparability between the two 
datasets, I also use a dummy variable derived from the ATUS ladder measure that is roughly 
equivalent to the BRFSS measure of whether a respondent is very satisfied with life. Appendix B 
discusses the detailed strategy based on the distribution of the measures. 46% of respondents in 
my ATUS sample and 45% of respondents in my BRFSS sample of women, 18-65 years, report 





I also examine a number of other self-reported outcomes that capture related facets of 
wellbeing. (a) self-rated general health status – this is a standard self-reported health measure 
with the categories excellent, very good, good, fair and poor; I dichotomize the variable into 
“very good or excellent health” or not; this measure is available in both datasets (b) emotional 
wellbeing –respondents in the BRFSS are asked to report how many days in the past month they 
experienced stress, depression or emotional problems, (c) emotional and social support –BRFSS 
respondents are asked whether they feel they have adequate social and emotional support when 
needed; this is a categorical variable with possible responses always, usually, sometimes, never 
and rarely; I again create a dummy for “always or usually has emotional and social support” or 
not. (d) adequate rest and sleep –in the ATUS, respondents are asked if they felt well rested, 
somewhat rested or not at all rested when they woke up yesterday; using this variable, I create a 
dummy for “well rested”. In the BRFSS, respondents are asked to report the number of days in 
the past month that they had inadequate sleep. Since the two measures depend on different time 
frames, I leave them as they are and do not attempt to dichotomize the latter measure for 
comparability. I further leave all continuous outcomes as they are, so as to not lose information 
from dichotomization. 
I define having a family by the presence of a child less than 18 in the household. 52% of 
respondents in my ATUS sample and 46% in my BRFSS sample have families. I use three 
categories of work status –homemaker, employed and unemployed. BRFSS explicitly uses the 
“Homemaker” category when asking respondents about their labor force status. In the ATUS, I 
define homemaker as those who report being “out of the labor force” but not retired and not in 





but not the self-employed27. “Unemployed” includes those who are in the labor force but not 
currently employed and may include both long-term and short-term unemployed. Most of the 
women in my samples are employed -72% in the ATUS and 75% in the BRFSS; 22.5% of 
women in the ATUS and 17% in the BRFSS are homemakers; the remaining 6% and 8% 
respectively in the two samples are unemployed.  
Women who have children may differ from other women in ways that also affect their 
self-assessed evaluations of life; for example, economic security or good health may make a 
woman more likely to have a child and also more likely report higher life satisfaction. Again, 
employed women may systematically differ from those who are not, in ways that are associated 
with their subjective wellbeing. For instance, the latter group might expect to achieve higher 
levels of life satisfaction by being full-time stay-at-home parents than by juggling the dual 
obligations of employment and parenthood. In order to deal with such selection issues, I follow 
the work in Bertrand (2013) and Deaton and Stone (2014) and begin by estimating ordinary least 
squares (OLS) regression models that include controls for the types of characteristics likely to 
affect parenthood and employment as well as subjective wellbeing. I estimate the following 
equation(s):  
SWBi = β0+ β1Parenti + β2Employedi + β3Parenti * Employedi + ∑βjXji+εi                 (2.1)                          
where SWB is the subjective wellbeing measure for the i-th respondent; Parent is a dummy 
variable denoting whether a woman is a mother or not (defined by the presence of own child in 
the household in both datasets); Employed is a dummy variable taking the value 1 if the woman 
is currently employed and 0 otherwise; in this part of the analysis, I do not differentiate between 
the homemakers and the unemployed, and code both as 0; X is the covariate vector and includes j 
                                                          





demographic, family and economic status variables, age and age squared, educational 
attainment, marital status, and race and ethnicity, log of weekly earnings and/or family income, 
number of children, birth decade, household size, smoker, whether any physical, mental or 
cognitive limitations (not all these variables are controlled for in the same regression). In 
Equation 2.1, β1 is a coefficient of interest. It provides an estimate of the association of having a 
child with subjective wellbeing; β2 is also a coefficient of interest and provides an estimate of the 
association of being employed with SWB. Finally, β3 is the key coefficient of interest and it 
provides an estimate of the association between having both a family and a job and SWB. 
Defined this way, my results are directly comparable to the results in Bertrand 2013. However, I 
also estimate the model using the more detailed employment categories so that I can differentiate 
between the unemployed and homemakers.   
In order to more carefully adjust for selection issues, I draw upon the counterfactual 
framework pioneered in Rubin (1974), extended in Rosenbaum and Rubin (1983), Imbens and 
Angrist (1994), Heckman (1997) and later developed in Abadie and Imbens (2006) Cattaneo 
(2010), Imbens (2000), Imbens and Wooldridge (2009), Wooldridge 2010. This framework 
assumes that for each respondent, there is an outcome in the treated state (y1) and an outcome in 
the untreated state (y0). That we cannot observe any respondent in both these states is the 
fundamental problem of causal inference. I consider the employment-parenthood status as a 
multi-valued TREATMENT with the following treatment statuses –homemaker and non-parent, 
employed non-parent, unemployed non-parent, homemaker parent, employed parent, and 
unemployed parent. Neither parenthood nor employment can be randomly assigned and 
respondents self-select into each of the six treatment levels depending on their expected benefits 





(Rosenbaum and Rubin 1983), that is, conditional on observed covariates, treatment assignment 
is independent of (y1, y0). Empirically, I estimate the following treatment model using 
multinomial logit    
TREATMENTi = β0+ ∑βjXji+εi      (2.2),  
where TREATMENT is as defined above and is estimated as a function of plausibly pre-
treatment variables such as education, marital status, age, race and ethnicity. Using inverse 
probability weighting, I estimate the average treatment effect for each treatment level compared 
to women who are employed parents28. While I use the nomenclature of the causal inference and 
treatment effects literature, it is important to note that my results describe an association between 
parenthood/employment and subjective wellbeing, not a causal effect of either parenthood or 
employment.  
2.4 Results 
2.4.1 Descriptive Results 
Figure 2.1: Percentage of respondents very satisfied with life by work and family status 
 
  Sources American Time Use Survey Wellbeing Module (ATUS) 2012 and 2013; Behavioral Risk 
Factor Surveillance System Survey Data (BRFSS) 2005-2010. Notes All means are weighted by the 
ATUS Wellbeing Module person weights and the BRFSS annual surveys final weights respectively, to 
account for complex survey designs. 
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Figure 2.1 depicts the proportion of women in the two datasets who report being very 
satisfied with life, separated by labor force status and parenthood. Consistent with prior research, 
the unemployed in both samples report the lowest levels of subjective wellbeing on average –
only about 30% are very satisfied with life, compared to about 50% of the employed and again, 
about 50% of homemakers. In terms of parenthood status, about 45% of mothers as well as of 
non-mothers, on average, report being very satisfied with life in the BRFSS sample, while a 
slightly higher proportion of mothers than non-mothers in the ATUS sample, report being very 
satisfied with life (51% compared to 45%, marginally significant difference)29.  
Figure 2.2 Percentage of respondents very satisfied with life by different work-family 
combinations 
 
 Sources American Time Use Survey Wellbeing Module (ATUS) 2012 and 2013; Behavioral Risk Factor 
Surveillance System Survey Data (BRFSS) 2005-2010. Notes All means are weighted by the ATUS 
Wellbeing Module person weights and the BRFSS annual surveys final weights respectively, to account 
for complex survey designs. 
 
                                                          
29 Appendix C, Table C1 presents descriptive results using the Cantril Ladder measure. Results 


























When further segregated (Figure 2.2), a few features stand out –in both samples, 
homemaker mothers as a group seem to be doing the best, with 50-56% reporting being very 
satisfied with life; the proportion of unemployed women reporting the same wellbeing status 
continues to be the lowest, with parenthood making little difference in either sample; similarly, 
average subjective wellbeing for employed mothers and employed non-mothers also does not 
differ significantly in either dataset.   
2.4.2 Results from ordinary least squares models  
Table 2.1 presents results from ordinary least squares regression models first on the 
sample of adult women of working age, 18-65 years, and again on the sample of 25-44 year olds. 
Prior research has shown that the association of parenthood changes depending on what else is 
controlled for (Deaton and Stone, 2014) and I therefore run three separate models with controls 
similar to full models in Bertrand (2013) and Deaton and Stone (2014) and combine them in a 
third and preferred, model but only keep controls that are present in both datasets. Further, prior 
research indicates that the way wellbeing is measured could make a difference in results. I 
therefore use both the original 11 category equidistant ladder measure as well as the 
dichotomized measure from the ATUS. Across specifications, samples, datasets and measures of 
subjective wellbeing, I find that coefficients on parenthood and employment are positive and 
significant (p<0.001), indicating a wellbeing “bonus” for both, and the coefficient on their 
interaction is negative and significant (p<0.001), indicating the presence of a significant 









Table 2.1 Estimated coefficients from ordinary least squares regressions of subjective 
wellbeing on parenthood, employment and their interaction, for women 18-65 and 25-44 
years old  
 18-65 years 25- 44 years  
 (1) (2) (3) (1) (2) (3) 
BRFSS 2005-2010  
Very satisfied with life 
(LPM) 
     
Parent  0.071*** 0.011*** 0.024*** 0.155*** 0.060*** 0.068*** 
 (0.003) (0.002) (0.002) (0.005) (0.005) (0.005) 
Employed  0.064*** 0.022*** 0.027*** 0.117*** 0.039*** 0.043*** 
 (0.002) (0.002) (0.002) (0.005) (0.005) (0.005) 
Parent*Employed -0.071*** -0.048*** -0.052*** -0.132*** -0.067*** -0.073*** 
 (0.003) (0.003) (0.003) (0.006) (0.006) (0.006) 
Observations 759,961 754,913 757,534 315,019 313,228 314,245 
ATUS 2012-2013       
Very satisfied with life 
(LPM) 
     
Parent  0.203*** 0.106*** 0.111*** 0.222*** 0.146** 0.138** 
 (0.024) (0.025) (0.024) (0.045) (0.047) (0.045) 
Employed  0.116*** 0.062** 0.063** 0.109* 0.065 0.064 
 (0.019) (0.020) (0.020) (0.046) (0.047) (0.047) 
Parent*Employed -0.163*** -0.117*** -0.117*** -0.168*** -0.130** -0.129** 
 (0.025) (0.025) (0.025) (0.050) (0.050) (0.050) 
Observations 7,473 7,473 7,473 3,689 3,689 3,689 
ATUS 2012-2013       
Life Evaluation Ladder      
Parent  0.919*** 0.467*** 0.484*** 1.104*** 0.734*** 0.732*** 
 (0.094) (0.098) (0.096) (0.168) (0.173) (0.167) 
Employed  0.802*** 0.522*** 0.524*** 0.845*** 0.618*** 0.613*** 
 (0.075) (0.080) (0.080) (0.170) (0.172) (0.172) 
Parent*Employed -0.748*** -0.525*** -0.523*** -0.851*** -0.671*** -0.669*** 
 (0.102) (0.101) (0.101) (0.185) (0.183) (0.183) 
Observations 7,473 7,473 7,473 3,689 3,689 3,689 
Sources American Time Use Survey Wellbeing Module 2012-2013; Behavioral Risk Factor Surveillance 
System Survey Data (BRFSS) 2005-2010. Note. Standard errors in parentheses; *** p<0.001, ** p<0.01, 
* p<0.05; each column in each panel presents coefficients from a separate regression of life evaluation 
(dummy for very satisfied with life in the top two panels and the life evaluation ladder in the bottom 
panel) on parent, employed, parent*employed, along with various sets of controls. Model 1 contains 
controls for age age squared, birth decade, race and ethnicity and year and may be comparable to Bertrand 
(2013); Model 2 controls for age race and ethnicity, education, marital status, family income, household 
size (only in ATUS), any physical, mental or cognitive limitation, smoker (only in BRFSS) and state of 
residence, and may be comparable to Deaton and Stone (2014). Model 4 combines the controls excluding 
smoker and household size, for direct comparability between results based on the two datasets. LPM 
refers to linear probability models for dummy outcomes. Regressions are weighted by ATUS and BRFSS 






Additionally, taking advantage of the large sample size of the BRFSS data, I plot the 
coefficients by more detailed age groups and find a gently U shaped pattern, such that the 
employment*parenthood penalty is negligible before 25, increases sharply thereafter, and 
decreases slowly from age 35, again becoming negligible after 54. This pattern is noteworthy 
since the period when wellbeing penalties seem strongest, coincides with the prime working age 
period, when work-family conflicts might be particularly acute. 
Fig 2.3 Estimated coefficients from ordinary least squares regressions of subjective wellbeing on 
parenthood, employment and their interaction, by age 
 
Source Behavioral Risk Factor Surveillance System Survey Data (BRFSS) 2005-2010. Note. Models 
include controls for age, age-squared, birth decade, race and ethnicity, education, marital status, family 
income, any physical, mental or cognitive limitation, year of survey and state of residence.  
 
Going forward therefore, I focus my analysis on the 25-44 age group. I also examine the 
relationship by number of children (see Appendix C) and find an identical basic pattern of 
significant positive association with both employment and parenthood, and a significant negative 
association with their interaction. Further, the wellbeing penalty for being an employed parent, 


















Table 2.2 Estimated coefficients from ordinary least squares regressions of subjective wellbeing on 
parenthood, labor force status and their interaction, for women 25-44 years 












    
Parent  0.849** 0.170* 0.021** 
 (0.273) (0.075) (0.007) 
Employed 1.126*** 0.180** 0.086*** 
 (0.247) (0.067) (0.007) 
Out of labor force (Homemaker) 0.888** 0.200* 0.101*** 
 (0.312) (0.085) (0.010) 
Parent*Employed -0.771** -0.158* -0.025** 
 (0.283) (0.077) (0.008) 
Parent*Homemaker -0.374 -0.091 0.016 
 (0.346) (0.094) (0.011) 
Observations 3,689 3,689 314,245 
    
Sources American Time Use Survey Wellbeing Module 2012-2013; Behavioral Risk Factor Surveillance 
System Survey Data (BRFSS) 2005-2012. Note. Standard errors in parentheses; *** p<0.001, ** p<0.01, 
* p<0.05; each column in each panel presents coefficients from a separate regression model of life 
evaluation (dummy for very satisfied with life) on parent, employed, parent*employed, along with age, 
age-squared, birth decade, race and ethnicity, education, marital status, family income, any physical, 
mental or cognitive limitation, year of survey and state of residence. 
 
In Table 2.1, I have compared employed women with women who were not employed; 
the latter includes both women who are unemployed and those who are homemakers. In Table 
2.2, I separate these two categories since prior research has found significant negative effects of 
being unemployed but the results are ambiguous for those completely out of the labor force. 
Again, I find a positive association between subjective wellbeing and parenthood; I also find 
positive associations between subjective wellbeing and being employed as well as being a 
homemaker. Moreover, the wellbeing bonuses for the employed and the homemakers are not 
significantly different in either dataset. However, being an employed parent is associated with a 
wellbeing penalty while there is no significant wellbeing effect from being both a parent and a 





Table 2.3 Estimated coefficients from ordinary least squares regressions of self-reported health, 
sleep and rest and emotional wellbeing on parenthood, employment and their interaction for 
women 25-44 years old 
 Very good or excellent  
general health 
(LPM) 

















 BRFSS ATUS BRFSS ATUS BRFSS BRFSS 
       
Parent  0.048*** 0.092* 2.914*** -0.054 -0.854*** 0.011 
 (0.010) (0.046) (0.262) (0.052) (0.183) (0.009) 
Employed  0.038*** 0.073 0.791** -0.031 -1.136*** 0.052*** 
 (0.010) (0.048) (0.265) (0.055) (0.184) (0.009) 
Parent*Employed -0.044*** -0.075 -0.359 0.011 0.996*** -0.047*** 
 (0.010) (0.052) (0.286) (0.059) (0.191) (0.009) 
Observations 313,565 3,689 153,448 3,689 311,261 313,209 
Note. Models include controls for age, age-squared, birth decade, race and ethnicity, education, marital 
status, family income, any physical, mental or cognitive limitation, year of survey and state of residence. 
ATUS and BRFSS sampling weights are used to account for complex survey design.  
 
In Table 2.3, I examine how parenthood and employment are related to self-reported 
health, sleep and rest, and emotional wellbeing in women; each of these outcomes sheds light on 
a different aspect of wellbeing and also contributes to the overall quality of one’s life.  Of note, I 
find both employment and parenthood to be positively associated with self-reported health, but 
being an employed parent is associated with a health penalty (although not statistically 
significant in the ATUS sample). Parenthood is associated with almost 3 additional days of 
inadequate sleep; being employed too is associated with almost a full additional day of 
inadequate sleep. However, being an employed parent is not associated with any additional 
wellbeing penalties in terms of rest and sleep. Results based on a closely related measure –
whether the respondent felt well rested when they woke up yesterday –are not statistically 
significant, however the direction of the measured associations are similar. Using two separate 
indicators for emotional wellbeing, I find that first, compared to non-parents, parents have a 





or emotional problems, but are no more likely to report having adequate emotional and social 
support. Secondly, I find that being employed too is associated with a reduction in the number of 
days on average women experience stress, depression or emotional problems; again, employed 
women have a higher probability of having adequate emotional and social support than those not 
employed. Finally, the employment-parenthood interaction is consistently associated with lower 
emotional wellbeing, both in terms of higher stress, depression, emotional problems and in terms 
of a lower probability of having adequate social and emotional support.  
Figures 4-5 depict the patterns in subjective wellbeing by work and family status, 
separated by education and family income. Detailed results with comparable measures of life 
satisfaction and a variety of measures of wellbeing, are presented in Appendix C 
Fig. 2.4 Estimated coefficients from linear probability models of subjective wellbeing (very 
satisfied with life) on parenthood, employment and their interaction, by education 
  
 
At each level of education, except for those without a high school diploma, I find a significant 
negative association of subjective wellbeing with being an employed parent. However, the 








































those with a Bachelor’s degree face significantly higher penalties than those with some college 
or no high school diploma; evidence on the difference in the wellbeing penalty between working 
parents with a Bachelor’s degree and working parents with a High school diploma, is not 
consistent across the two datasets.  
Fig. 2.5 Estimated coefficients from linear probability models of subjective wellbeing (very 
satisfied with life) on parenthood, employment and their interaction, by family income 
 
In examining the patterns by family income, I again find evidence of the core pattern of 
bonuses and penalty at every socio-economic status except those in the lowest family income 
category; further, I find that the wellbeing penalty for employed parents is significantly higher 
for women in the middle and higher income families than in families with less than $25,000 
annual income. For women in families with $25,000 or higher annual family income, the 
differences in the wellbeing penalty among the three groups ($25,000 and above but less than 
$50,000; $50,000 and above but less than $75,000; $75,000 and above) is not statistically 
significant in both datasets.   
4.3 Results from Treatment Effects models 
Figure 2.6 presents results from treatment effects models (please see Appendix C for 










































subjective wellbeing, are the unemployed, irrespective of parenthood status. Given the strong 
negative correlation of unemployment with subjective wellbeing, this finding is not surprising. 
However, what is noteworthy is the finding, consistent across the datasets and model 
specifications, that both homemaker mothers and working non-mothers, on average, report 
higher life satisfaction compared to working mothers.    
Figure 2.6 Estimated coefficients on multiple “treatment” levels of employment and parenthood on 
women’s subjective wellbeing, compared to the base category employed parent  
 
 
Sources American Time Use Survey Wellbeing Module (ATUS WB); Behavioral Risk Factor 
Surveillance System Survey Data (BRFSS). Note. Each column represents coefficients from Inverse 
Probability Weighted regressions of very satisfied with life on the multi-level “treatment” status, where 










































indicator and specification of age (age and age squared, or 4 age category dummies, or dummy for prime 
working age), marital status (dummy for married or 3-category marital status), race and ethnicity (dummy 
for white and/or dummy for Hispanic, or 4 category race variable), two or three-way interactions between 
race, marital status and education (dummy for graduate or standard 4 category variable);  Covariate 
balance is checked for each selection model such that standardized differences may be close to zero, and 
variance ratios may be close to one, after weighting, indicating that the weighting technique using 
estimated propensity score, has balanced the covariates; however, given that there are over 50 covariates, 
across the 6 treatment statuses, not all covariates meet the above rule in any given model. Appendix C 
shows a sample covariate balance before and after weighting and possibly depicts the base case scenario. 
In each case, model 3 is more balanced than model 2; model 2 and model 1 are more or less similar.  
 
2.5 Discussion 
In this paper, I examine patterns in women’s subjective wellbeing by family and 
employment status. I replicate least squares regression models from key recent studies (Bertrand 
2013; Deaton and Stone 2014) using new data – the Behavioral Risk Factor Surveillance System 
annual surveys from 2005 to 2010 and the American Time Use Survey’s Wellbeing modules, 
2012 and 2013 – and additionally estimate inverse probability of treatment weighted models, to 
adjust for selection. Results confirm findings in prior research of a positive association of being a 
parent with subjective wellbeing as well as a positive association of being employed with 
subjective wellbeing. However, similar to prior research (Bertrand 2013), I find no evidence of 
the combination of these relationships translating into a “double bonus” for wellbeing and 
instead, the existence of a significant penalty to being both employed and a parent.  
This basic pattern holds at every socio-economic status except the lowest, as measured by 
level of education and family income. However, there are differences in the penalty between 
subgroups; for instance, women with a Bachelor’s degree and above tend to face a significantly 
higher wellbeing penalty for being an employed parent than those with less education. Finally, in 
models considering more detailed categories of work and family status, I find that women who 
are working but not raising families and women who are raising families but not working, tend to 





It is worth reiterating that these results are not women’s reported satisfactions from 
parenting or working or due to being a parent or being employed or both. Therefore, these results 
are not showing that women feel more satisfied with either homemaking or working but not with 
both. What they show is that women who are working but not raising families and women who 
are raising families but not working, tend to report higher levels of life satisfaction on average 
than women who are doing both. This difference cannot be explained by differences in marital 
status, age, education, race and ethnicity, family income, state of residence or year of the survey. 
However, unobserved heterogeneity could still be driving these results and remains a key 
limitation of the research design.  
Women who choose to become parents but not work outside or choose to be working but 
not become mothers (at least in the given point in time) may choose those roles precisely because 
they predict their wellbeing will improve by fulfilling these roles alone.  On the other hand, 
women who choose both employment and parenthood may do so because they feel that the role 
of an employed parent would be key for their wellbeing –in this scenario, which group is more 
satisfied is theoretically uninteresting and empirically, a matter of what else is controlled for, 
similar to the futility of estimating whether parents are happier than non-parents that Deaton and 
Stone (2014) have explained in detail.  
However, women who choose both employment and parenthood may also do so because 
they have experienced any one role (was working before but was not a mother; was a mother but 
was not working before) and/or have reason to believe, perhaps due to social norms or 
expectations, that if both these roles independently provide fulfillment and satisfaction, then 
doing both would be an improvement and would bring them to higher levels of wellbeing; 





wellbeing, then they should look for fulfillment in other socially approved roles such as that of 
motherhood. For both these scenarios therefore, the woman choosing to be an employed parent is 
making this choice precisely because she predicts it would make her better off than she is in the 
role of either an employed non-parent or a homemaker parent. I first consider two theoretical 
possibilities why my findings (as well as prior research) show otherwise –firstly, the results 
could simply be demonstrating the problem of utility mis-prediction that is at the heart of the 
theories of subjective wellbeing –individuals systematically mispredict utility due to 
underestimation of adaptation, distorted memory of past experiences, rationalization of decisions 
ex-post and false intuitions about the sources of future utility (Frey and Stutzer 2008, 2010). A 
second possibility, is that such patterns could be reflecting limitations of subjective wellbeing 
measures in capturing utility and individual choice. Bertrand (2013) makes a similar argument 
that women may choose the role of an employed parent because they predict it would improve 
specific aspects of their life such as prestige, social status, sense of purpose and control, none of 
which may be captured in current measures of subjective wellbeing.  
Finally, the cost to making work-family trade-offs, may be particularly acute for high 
skilled women. In a study of gender gaps in labor market performance of high skilled men and 
women, all MBA graduates, researchers find that women are 20-26 percentage points more 
likely to make employment related choices due to “family related reasons” after birth than in the 
pre-birth period and 13-21 percentage points less likely to make employment related choices due 
to “career related reasons” (Bertrand, Goldin and Katz 2010). The study further finds that such 
job switches are associated with significant earnings declines when it is due to family relate 
reasons like flexible hours, “opportunity to work remotely” and “limited travel schedule”, with 





that the highly educated women in my samples represent similar professions, the stronger 
wellbeing penalties to being an employed parent for highly educated women, may be explained 
by this type of work-family trade-offs.30 In that sense, the observed patterns could be interpreted 
as empirical reinforcement to the widely held fear and frustration about women not “having it 
all”.  
That the above pattern is present not only for college educated women, but also for 
women who are less than college educated or belong to lower-middle and middle income 
families leads me to speculate however, that it could instead or additionally, reflect two further 
scenarios –firstly, working mothers, because of assumptions about their reduced effort and 
energy and/or an inconsistency between cultural expectations of an ideal mother and an ideal 
worker, might be subjected to higher standards (Ridgeway and Correll 2004, Fuegen et al 2004). 
Secondly, it could reflect the constraints imposed by a rigid work-family environment that does 
not allow the wellbeing bonus from parenthood and the wellbeing bonus from employment to 
translate into a double bonus for working mothers. Scholars have documented how the work-
family dilemma differs across the income distribution –at the top, long and inflexible hours and 
expectations of face-time might take women away from family for long durations but high 
incomes might compensate and afford the purchase of additional resources; on the other hand, at 
the bottom of the distribution, the work-family dilemma might stem from erratic work schedules 
and unpredictable child care needs along with the higher likelihood of single motherhood; in the 
middle, limited flexibility, need for multiple jobs and tag-team parenting might take a toll on 
one’s health and wellbeing, and economic insecurity may be a particularly important concern 
                                                          
30 The authors caution against generalizing these results to other professions like academia, 
medicine or law, since labor market behavior for mothers tends to vary among the professions. 





(Williams and Boushey, 2010; Bianchi 2011). Thus it is possible that even though I observe the 
same core patterns in women’s subjective wellbeing by work and family status, for different 
portions of the education or family income distributions, the underlying mechanisms behind 
those patterns may vary considerably and indicate the need for more in-depth research as well as 











3. Effects of State Parental Leave Policies on Women’s Subjective Wellbeing  
Parental Leave Policies provide job-protected leave from work, along with some wage 
replacement, to new parents. Their chief purposes are to ensure economic security during the 
childbirth period, allow mothers to physically recover from the stresses of childbirth and help 
families bond with and adjust to a new child. Of 185 countries recently surveyed by the 
International Labor Organization, all but two –the United States and Papua New Guinea – 
provide cash benefits to cover some portion of the lost income during the period of maternity 
leave (International Labor Organization 2014)31.  While the United States lacks a national paid 
parental leave policy, three states – California from 2004, New Jersey from 2009 and Rhode 
Island from 2014 –have built on existing social insurance programs to ensure that a short period 
of paid parental leave is available to eligible workers in the period immediately after childbirth.32 
These are important and promising developments with the potential to improve the quality of life 
of many workers, particularly new mothers, since only 12 per cent of private sector workers have 
access to paid family leave through their employers and one in four mothers in the US return to 
work within 10 days of childbirth as they cannot afford more time off , at potentially a great cost 
to their own as well as their families’ health and wellbeing (Bureau of Labor Statistics Employee 
Compensations Survey, 2011; Klerman, Daley and Pozniak, 2013). In this paper, I examine the 
                                                          
31 In some countries, maternity and paternity leave pertain to the period immediately after child 
birth or adoption and parental leave pertains to the period following maternity/paternity leave. In 
this paper, parental leave refers to the entire bundle of leaves available to parents immediately 
after childbirth but not exceeding the first year of birth. 
 
32 In the US, the only national leave policy, the Family and Medical Leave Act (1994), mandates 






effect of the policy change in New Jersey on women’s subjective wellbeing, a cognitive 
evaluation of the state or quality of one’s life, taking all things into consideration33. 
Using data from the Behavioral Risk Factor Surveillance System (BRFSS) annual 
surveys and random child selection modules from 2005 to 2012, I identify potentially eligible 
mothers from individual level variation in month-year of child’s birth (BRFSS) and state level 
variation in parental leave policies, and employ a difference in difference research design. Along 
with overall life satisfaction or life evaluation, I also look at multiple self-reported indicators of 
wellbeing, such as self-rated general health, physical health, stress, depression and emotional 
wellbeing and whether adequate social and emotional support is available. To briefly preview the 
results, I find no evidence of a significant effect of the 2009 policy change in New Jersey on 
women’s subjective wellbeing overall, but strong evidence of improvements in women’s 
physical health. I further find variation in effects in subgroup analyses, with significant positive 
effects on the life satisfaction of employed single mothers and women from lower-middle 
income families, as well as significant improvements in the experience of stress, depression and 
emotional wellbeing for groups with such relative socio-economic disadvantages. 
I build on prior research and extend it in a few different ways. Firstly, the recentness of 
the above mentioned state-level policy changes means that only a small body of research has so 
                                                          
33 I use the terms ‘‘quality of life’’ and “wellbeing” interchangeably to refer to a multi-
dimensional state or condition of individuals, families and societies that I assume all social 
policies are looking to preserve, enhance or improve and use the terms “subjective wellbeing”, 
“life satisfaction” and “life evaluation” interchangeably to refer to a cognitive evaluation of the 
overall state or quality of one’s life. I avoid using the term “happiness” so as to distinguish this 
meaning (evaluative wellbeing) from momentary feelings or emotions that the word happiness 
tends to conjure (hedonic wellbeing). In recent work, Deaton and Stone (2013) emphasize this 
distinction because the two measures capture different aspects of the subjective experience and 
also have differing relationships with other key correlates of wellbeing such as education, age, 





far examined their effects, primarily on leave taking, employment, and employer responses in 
California (Rossin-Slater, Ruhm and Waldfogel 2013; Baum and Ruhm, 2016; Applebaum and 
Milkman 2015) and leave taking, child vaccinations and employer responses in New Jersey 
(Lerner and Applebaum 2014). To my knowledge, there is no existing published work that has 
investigated the effects of the 2009 policy change in New Jersey on women’s wellbeing.  
Second, the study also draws inspiration from the renewed emphases on using subjective 
measures to describe wellbeing and evaluate policies (Blau, 1998; Layard, 2006, 2010; Stiglitz, 
Sen and Fitoussi, 2010; Deaton 2013; Deaton and Stone, 2013;). While such measures have been 
used by researchers in examining the effects of parental leave and child care policies in Europe 
and Canada (d’Addio, Chapple, Hoherz and Landeghem, 2014; Brodeur and Connolly, 2013; 
Schober and Stahl, 2016) and the 1994 welfare reform in the US (Herbst 2013), to my 
knowledge, there has not been any such investigation into the effect of US parental leave 
policies. Thirdly, subjective wellbeing or overall life satisfaction may be particularly suited to 
the examination of effects of parental leave policies since some of the most important expected 
consequences of such policies –parental bonding, family security, adaptation to new parenthood, 
adjustment to a child, adjustment away from work -- are difficult to observe in conventional data, 
limiting the outcomes available to researchers to measure the overall wellbeing consequences of 
the policy. Parents’ own assessment of the state or quality of their lives, presumably takes into 
account several such relevant factors that are likely unobserved in data and might shed some 
light on these effects.  
The paper is organized as follows – Section 1 discusses theoretical frameworks 
explaining the potential effect of parental leave policies on individual subjective wellbeing; 





individual wellbeing including but not limited to subjective wellbeing, the predictors of 
individual subjective wellbeing and the relationship of parenthood with subjective wellbeing; 
section 3 describes the methodology used in the paper and section 4 describes findings. Section 5 
concludes with a discussion of the findings and their implications for policy and research.  
3.1 Theory 
Based on research from psychology, sociology and economics, scholars have posited that 
government policy impacts subjective wellbeing through the following channels – income, 
employment, education, family, community, environment, physical health and mental health 
(O’Donnell, Deaton, Durand, Halpern, and Layard, 2014). Based on O’Donnell et al and the 
extensive empirical literature on the effects of parental leave policy (reviewed in the next section), 
parental leave policy may be posited to impact parents’ subjective wellbeing (SWB) through five 
channels –physical health, mental health, income, employment and family. Firstly, time away from 
work directly allows for physical recovery after child-birth, less stressful breast-feeding episodes, 
and positive emotional benefits of bonding with the child. Secondly, employment-protection and 
income replacement components of parental leave policy are expected to support economic 
security of the family, counteract the rise in expenses associated with a new child and help maintain 
mothers’ employment continuity and firm-specific human capital. Thirdly, by allowing parents the 
time for bonding and by encouraging fathers to take leave and be more involved with child-care, 
parental leave policies can be expected to enhance parents’ subjective wellbeing.  
The limitation with this model is that the effect of parental leave policy on wellbeing can 
only be explained if parents are known to have actually taken leave. In a detailed review of the 
effects of various early childhood programs, Currie and Rossin-Slater (2015) posit that the 





immediately after pregnancy. Arguably, the additional guarantee of cash benefits –as is the case 
for California and New Jersey’s paid family leave policies –is likely to further reduce maternal 
stress in the same period, and have a direct bearing on parental subjective wellbeing.  
A standard idea in microeconomics is that within the constraints of time and resources, 
rational individuals make choices that they believe would maximize their happiness or utility. 
Extending this idea, the potential effect of parental leave policies on subjective wellbeing may be 
explained in terms of the expansion of choices that such a policy offers parents. Latent subjective 
wellbeing could be considered a proxy for utility (albeit an imperfect one, as argued by Benjamin, 
Heffetz, Kimball & Rees-Jones, 2012 and Bertrand, 2013) in a simple theoretical model where 
rational parents choose to allocate their time (time at home) and money (income) into improving 
health, economic security, bonding with child and anything else that matters to them, based on 
what they think would maximize their subjective wellbeing 34. Parental leave policy is exogenous 
to this model. Therefore, if the state were to mandate a paid family leave policy, it would in effect 
simply shift the parents’ “budget line” outward or expand the set of possible (time, income) 
combinations, thereby making it possible to reach a higher level of wellbeing35.  
Such a policy could also have negative effects on subjective wellbeing for a number of 
different reasons. First, Klerman and Leibowitz (1997) posited that leave policies can induce 
                                                          
34 A worker only gets paid a fraction of their usual income when on leave, so they lose income 
every week they are on leave, therefore in order to have more income, they have to give up time 
at home. Income therefore does not represent the income earned from cash benefits alone, as in 
that case, in order to receive more income, a worker must take more weeks of leave.  
 
35 A more detailed discussion of the theoretical relationship between policy and subjective 
wellbeing is beyond the scope of this paper, but see technical appendix to the chapter by Layard 
and O’Donnell in Helliwell, Layard, and Sachs (2015). For a discussion of the theoretical 
properties of subjective wellbeing and how they relate to individual utility and social welfare, see 
Kahneman, Wakker, & Sarin (1997) Kahneman, & Thaler (2006), Luis and Becker (2007a, b) 





behavioral changes, such that some mothers who would prefer to return later, may be induced to 
return to work soon after childbirth. Second, scholars have also argued that for some mothers, 
work may be more complementary to health than time at home, while the opposite may be true for 
others. Recent research has also found early maternal employment to be associated with elevated 
depressive symptoms and parenting stress, and worse self-rated health, measured 6 months after 
child birth (Chatterji and Markowitz, 2013). Third, scholars have pointed to the potential for 
parental leave policies to perpetuate or induce a more gendered division of care work (Bergman 
1997, 2008) and to shift mothers’ preferences away from work (Gangl & Ziefl 2015). Fourth, if 
people's expectations of the positive effects of the policy do not take into account potential costs 
– such as tedious procedures including filling of several applications, understanding details of 
insurance policies, requesting certifications and obtaining them from one’s employer and health 
providers, all for a small amount of benefit –the overall wellbeing effect may be negligible and 
could even be negative. Heckman (2010) presents a formal treatment of a similar problem, positing 
that agents make their choices under imperfect information and the decision maker selecting 
treatment may be different from the individual who experiences the outcomes, such that agents 
may regret their choices or the choices made for them if realizations differ from anticipations. 
Finally, for high skilled women, introduction of such a policy could lead to a strong expectation 
of negative career consequences such as occupational segregation, being pushed into “feminized 
enclaves”, decrease in the odds of attaining managerial positions, or increases in the gender 
earnings gap –all results that have been found in studies of advanced industrial countries (Mandel 
and Semyonov 2005, 2006; Shalev 2008; but see also Korpi, Ferrarini & Englund, 2013). Through 






Taken together, the overall effect of state parental leave policies on women’s subjective 
wellbeing therefore remains theoretically indeterminate. Moreover, the overall effect will likely 
depend on which groups of women are affected. The additional benefit is unlikely to have any 
impact on those women who already had more generous paid leave policies from their 
employers. On the other hand, to the extent that the new policies make parental leave more 
accessible to groups who would not have been able to afford unpaid leave, substantial gains in 
subjective wellbeing may be observed among groups that tend to face socio-economic 
disadvantages, such as lower income or unmarried parents. To the extent that the data allows, 
important insight may thus be available from disaggregated analyses, particularly with respect to 
marital status, family income level and education level.  
3.2 Prior Research  
Researchers have used sophisticated design-based empirical strategies to identify causal 
effects of parental leave policies on both objective and subjective measures of wellbeing. Two 
features stand out in this body of empirical literature –first, evidence on the effects of parental 
leave policies is stronger for some aspects of wellbeing than others and the effects tend to vary 
by the duration of leave or nature of policy change examined. The earliest studies examining 
California’s paid parental leave policy, tend to find positive effects on parents’ leave-taking, 
work hours, job continuity and employment but ambiguous or insignificant effects on income 
(Rossin-Slater, Ruhm and Waldfogel, 2013; Baum and Ruhm, 2016) and no negative effects on 
employers both in California and New Jersey (Appelbaum and Milkman, 2013, 2015; Lerner and 
Applebaum 2014).36 Recent evidence also indicates increased leave taking by fathers, mainly of 
                                                          
36 However, Das and Polacheck (2015) find that the California policy may have also 
induced increases in unemployment rates. For reviews of the current published and unpublished 





first-born children and in occupations with a high share of female employment, increases in joint 
leave-taking (Bartel, Rossin-Slater, Ruhm, Sterns and Waldfogel 2015) and increases in maternal 
time spent on childcare (Goodman 2014). International evidence on paid leave policies tends to 
report positive employment and wage effects for short durations of leave in aggregate cross-
national studies (Ruhm, 1998; Akgunduz and Plantenga, 2012; Thevenon & Solaz, 2013) but 
negative effects for longer durations; further, results are mixed in single-country studies with 
individual level survey or administrative data (Lalive and Zweimüller 2009; Wurtz-Rasmussen 
2010; Schonberg and Ludstek, 2014). Cross-national research also finds evidence of positive 
effects of paid leave policies on child health (Ruhm 2000; Tanaka 2005, Shim 2015). Consistent 
with these findings, researchers tend to find positive effects of US state parental leave policies on 
child health (Washbrook, Ruhm, Waldfogel, and Han, 2011; Stearns, 2015; Adema, Clarke and 
Frey,2015) including increases in breastfeeding (Huang & Yang, 2015) and vaccination rates 
(Adema et al 2015). However, evidence pertaining to maternal health is inconclusive; Chatterji 
& Markowitz (2005, 2012) find positive effects for some sub-groups, while Washbrook et al find 
no effects37.  
A second feature of the empirical literature on the effects of parental leave policies is that 
it tends to report differential consequences for parents of different socio economic statuses. 
Researchers examining US family leave policies have found that unpaid leave policies induce 
                                                          
and Reichlin (2014), Bartel, Baum, Rossin-Slater, Ruhm and Waldfogel (2014) and Adema, 
Clarke and Frey (2015).  
 
 
37 Researchers in pediatric health, nursing, and related clinical fields, as well as public health, have 
examined the effects of duration of leave on maternal recovery from child birth, and breast-feeding. 
This literature is reviewed in detail in Galtry and Callister, 2005, and Zigler, Muenchoy, and Ruhm, 






small and inconsistent effects on leave-taking (Klerman and Leibowitz, 1997; Waldfogel 1999; 
Baum 2003 a,b; Han & Waldfogel, 2003), are primarily utilized by relatively advantaged groups, 
such as college educated and married mothers (Han, Ruhm and Waldfogel, 2009) and do not 
make a difference for lower income families (Kerr 2016). On the other hand, after California 
became the first state in the US to put into effect a paid family leave insurance program, 
researchers found that the program doubled the overall use of maternity leave, increasing it from 
an average of three to six weeks for new mothers, with particularly large benefits for black 
mothers and those from groups that tend to face relative socio-economic disadvantages (Rossin-
Slater et al 2013). International research also finds the largest increases in leave-taking among 
women from groups with relative socio-economic disadvantages, when a parental leave system 
has moved from partially paid to almost fully paid (evidence from Norway in Carneiro, Løken, 
& Salvanes, 2010). In two separate studies, Chatterji and Markowitz (2005, 2012) examined the 
effect of the length of maternity leave on mothers’ physical and mental health and found that for 
mothers who returned to work within nine months of child birth, less than eight weeks of paid 
parental leave increased the probability of reporting a poorer health status and less than twelve 
weeks of total leave (paid or unpaid) increased depressive symptoms. Their results were however 
consistent for only certain sub-groups of mothers, such as married Non-Latina White mothers 
who returned to work full-time. Finally, new evidence from the New Jersey PFL shows increased 
immunizations for children, with relatively larger policy effects for children from low income 
families (Adema, Clarke and Frey, 2015).  
Taken together, research on the impact of family leave policies on physical and mental 
health and economic security, suggests varied effects by sub-group, with the positive benefits 





does not provide income replacement, and comparatively large gains for groups with socio-
economic disadvantages, when paid family leave policies are introduced. Overall, prior research 
does not clearly indicate the expected direction of the overall effect of US state-level paid 
parental leave policies on subjective measures of wellbeing. To my knowledge, there has been no 
investigation into the effect of parental leave policies on parents’ subjective wellbeing in the US. 
A few recent studies do however examine the same or related question for other countries. Using 
long term individual panel data from Germany (German Socio Economic Panel) and Britain 
(British Household Panel Survey), d’Addio, Chapple, Hoherz and Landeghem (2014) found 
significant positive effects of parental leave policies on women’s SWB. On the other hand, an 
aggregate cross-national study of 12 OECD countries over the period 1969-1993, found no 
effects of maternity leave rights on women’s SWB but positive effects of rights to abortion and 
birth control (Pezzini 2005). In related research, Brodeur & Connolly (2013) examined the effect 
of an increase in child care subsidies in the province of Quebec, Canada, on parents’ subjective 
wellbeing and found a small decrease in parents’ life satisfaction38. 39 
3.3 Methodology 
3.3.1 Data and Measures 
I use individual-level data from the Behavioral Risk Factor Surveillance System (BRFSS) 
annual surveys 2005-2012 and associated Random Child Selection modules. Conducted by the 
                                                          
38 But see also a recent paper by Schober and Stall (2016) with contradictory results for East and 
West Germany  
 
39 Finally, this paper is also guided by important insights from prior research examining the 
determinants of individual subjective wellbeing and that describing the relationship of 
parenthood with subjective wellbeing –this literature is reviewed in Paper 2. For detailed 
reviews, also see Dolan, Peasgood and White (2008), Hansen (2012) and Nelson, Kushlev and 






Center for Disease Control (CDC), the BRFSS is the largest continuous health survey in the 
world and it surveys U.S. residents primarily regarding their health-related risk behaviors, 
chronic health conditions, and use of preventive services. From 2005, the survey has included 
questions on life satisfaction. BRFSS data is suitable for  studying the effects of New Jersey’s 
Paid Family Leave (NJ PFL) as it observes life satisfaction and other related wellbeing outcomes 
for periods both before and after the policy came into effect (July, 2009) and allows 
identification of likely affected women through information on state, employment and children’s 
birth month/year. Its large sample size also allows for a comparison among respondents 
belonging to different meaningful subgroups of the population.40 Weighted, the data is nationally 
representative of the adult US population. I restrict my analytic sample to working age adult 
women aged 18-65 years and mainly focus my analyses on the prime working age sample of 25-
44 year old women.   
My main outcome variable of interest is subjective wellbeing, operationalized using a 
dummy variable for whether a respondent is “very satisfied with life” or not. I use as my 
dependent variable, answers to the question “In general, how satisfied are you with your life?" 
The response categories are very satisfied, satisfied, dissatisfied, very dissatisfied. Similar to 
prior studies using the BRFSS data to examine subjective wellbeing in the US (Oswald and Wu, 
                                                          
40 The BRFSS data collection is done using a core module that all states must implement in all 
years, a rotating module that all states must implement every other year, and several optional 
modules that states are allowed to implement as they see fit. Birth information comes from the 
Random Child Selection (RCS) Module, which selects any one household child and gathers 
detailed information about him/her including birth month and year and relationship to the 
respondent. The RCS module has been fielded since 2004, but not in every state in every year. 
Relevant to my analysis, the sample size for New Jersey for 2007 is significantly smaller than for 
other years. Since I have data from January 2005 to June 2009 pre policy, this should not be a 






2010), I note that responses to this question are skewed, with the two positive responses 
significantly more common. I therefore recode this variable into a dichotomous variable 
indicating whether a person is “very satisfied” or not. On average, 46% of women in my sample 
report being very satisfied.   
Being a health dataset, the BRFSS also provides information on multiple indicators of 
health and mental health, allowing me to check for policy effects on various dimensions of 
wellbeing and provide some insight into potential mechanisms through which paid parental leave 
policies might affect subjective wellbeing41. Specifically, I examine effects on (a) self-rated 
general health status – this is a standard self-reported health measure with the categories 
excellent, very good, good, fair and poor; I dichotomize the variable into “very good or excellent 
health” or not; (b) physical health –physical health is measured by asking the respondent how 
many days in the past month, her physical health was not good (including injuries and illnesses); 
(c) emotional and mental health –respondents are asked to report how many days in the past 
month they experienced stress, depression or emotional problems, (d) emotional and social 
support –respondents are asked whether they feel they have adequate social and emotional 
support when needed; this is a categorical variable with possible responses always, usually, 
sometimes, never and rarely; I again create a dummy for “always or usually has emotional and 
social support” or not. I leave the continuous measures, (b) and (c) as they are, so as to not lose 
information from dichotomization.  
 
 
                                                          
41 Another relevant measure is adequate rest or sleep, however it is only available for the 2008-
2011 period; since the policy change takes place in July 2009, this does not leave an adequate 





3.3.2 The New Jersey paid family leave insurance policy and eligible groups 
The New Jersey paid family leave insurance policy (NJ-PFL) provides 6 weeks of paid 
leave at 67% wage replacement and up to a maximum weekly benefit of $584. Since this leave 
can be taken to bond with new children or care for family members, theoretically both parents 
and non-parents could be “treated”. However, research shows that close to 90% of the claims in 
California and 82% of claims in New Jersey are for bonding with children (National Partnership 
for Women and Families, 2015). In this study, I therefore focus on parents’ (mothers’) wellbeing.  
A key challenge in cross sectional datasets that capture the kind of outcome measures that 
are of interest to studies of parental leave policy, is that one typically does not observe both pre 
and post birth employment. This is problematic since pre-birth employment is what determines 
eligibility and therefore, I must assume the observed post pregnancy outcome to be highly 
correlated to the eligibility conditions (Baker and Milligan 2008 make the same assumption). In 
NJ, the program covers employers of all firm sizes, both private and public, and for both part 
time and fulltime workers, with a weekly earnings of $165 or more for each of 20 prior weeks or 
$8300 in the past 12 months ($159/week earnings). It turns out that these earnings-based 
eligibility criteria are at a very low threshold for women in all counties and all skill levels, such 
that for employed New Jersey women, the policy is near-universal in coverage42.  
                                                          
42 So if a woman has a birth in Q3 of 2010, her eligibility is determined by her earnings in Q3, 
2009 + Q4, 2009 + Q1, 2010+ Q2, 2010 . I cannot directly observe earnings in the BRFSS data. 
However using county level quarterly earnings data for New Jersey, for women, in each of four 
education categories –less than High School, High School, Some College, and College Graduate, 
from Quarterly Workforce Indicators (QWI) Data from the U.S. Census Bureau (2015), I 
compute the average weekly earnings for women in each of these four educational statuses in 
each of the 21 New Jersey counties, in the 24 weeks and the average earnings over the 52 weeks 
prior to the month of birth. I impute this earning to the women whose birth, county and 
employment status I do observe in the BRFSS data. For instance, if a woman with a High School 
degree is resident in Bergen county and has a birth in May, 2010, I consider her eligible for the 





In my main analyses, I include all respondents, whether employed for wages, self-
employed, unemployed or out of labor force, since parenthood itself as well as leave policies 
might have some employment effects that in turn might influence individual wellbeing. I include 
homemakers and retirees among those out of the labor force but exclude students. I additionally 
exclude observations whose employment status is recorded as unable to work since disability has 
a strong association with subjective wellbeing and including it might distort the effects that are 
the focus of this study (Graham 2008, Oswald and Powdthavee 2008). I additionally conduct 
analyses on the sample restricted to those who are employed. Doing so is also justified since 
taking parental leave implies a return to employment and so these analyses should shed better 
light on parents who are continuously employed and most likely to be affected by such a policy.  
For the same reason, I do not include the self-employed in this part of the analysis.  
Since benefits can be claimed only within the first year of childbirth, I only consider new 
mothers –those with a child under 1 year – as my main “treatment” group. Since theoretically, 
the wellbeing effects could be anticipatory or could linger past the actual period of leave taking, I 
also examine effects on a second treatment group where I examine soon-to-be parents and a third 
treatment group where I examine parents after the first year of birth, that is, with toddlers 13-36 
months old.   
3.3.3 Identification Strategies 
BRFSS data is particularly suited to complement prior research since it allows more 
precise identification of new mothers using month and year of child’s birth, allows comparison 
                                                          
Q4, 2009 and Q1, 2010 is 143$ or more and if the average earnings for women with a High 
School degree in Bergen county over the Q2, Q3, Q4 2009 + Q1 2010 period (that is, the past 52 






between mothers of infants for pre and post policy period for New Jersey and also helps to adjust 
for key individual and family indicators. My initial empirical strategy is to compare the 
wellbeing of women who had a birth before the policy became effective in July, 2009 in New 
Jersey, to those who had a birth after July, 2009 in New Jersey, adjusted for individual level 
characteristics. This approach relies on and assumes random variation in timing of births over the 
period under study and may be violated if for women contemplating a pregnancy, knowledge of 
when a policy would come into effect, induces some women to choose to not get pregnant before 
such a policy would be useful to them. This effect is unlikely to be large since policy awareness 
tends to be low and leave taking effects are usually observed with a lag (Appelbaum and 
Milkman 2013, 2015), and therefore, childbirth over the period of observation can plausibly be 
assumed to be randomly assigned. I begin my analysis by estimating the following model that 
provides mean subjective wellbeing of New Jersey mothers who had births before the policy 
change to those who had a birth after the policy change, adjusted for various individual level 
factors such as age, education, marital status, race and ethnicity :  
Yi= β1Xi + β2BirthPosti + εi      (3.1)  
Where Y is the outcome of interest, X are conditioning variables and BirthPost indicates 
whether an individual had a birth after the policy change, that is, after July 2009. The coefficient 
on BirthPost may be expected to capture the effect of the policy change, however, it will likely 
also capture unobservable and systematic differences between the pre and post policy birth 
cohorts that are correlated to the health or wellbeing outcome of interest. This is a particular 
concern here since the post policy period corresponds with a time of country-wide economic 
recovery, and parents are more likely to choose to have children when they are economically 





July 2009 or those who become pregnant in 2008 versus those who do so afterwards. The 
BRFSS data provides information on pregnancy status as well, so one way to check for this issue 
is to compare characteristics of women who are pregnant in the pre and post policy periods (see 
Appendix D).  
The now-standard approach to addressing such selection issues is to employ a difference 
in difference design to compare changes in outcomes for eligible mothers in New Jersey (those 
with a child less than 12 months) observed before and after the policy implementation in July 
2009, to corresponding differences for a control group of mothers in non-policy states, who 
would not have been affected by the New Jersey policy change. Using this group will also 
address the potential problem of differential selection into parenthood post-recession.  
I operationalize the DD approach using the following estimation equation and provide 
results from linear probability models:  
Yit= β0 + β1Treati + β2Postt + β3 (Treati
 * Postt) + β4X
 + δt + εit   3.2 
Post is a dummy indicator taking the value of 1 if a woman was surveyed in July 2009 or 
after. Treat is a treatment dummy that takes the value 1 for women with a child of 12 months or 
less in New Jersey and 0 if she has an infant in a state where there was no change in parental 
leave policies.43  
                                                          
43 Child’s age is computed as the difference between the interview date and the birth date. Only 
birth month and year are recorded for the selected household child. In computations of age in 
months, therefore, a child whose birth month is recorded as January 1995, is assumed to be born 
on January 1st 1995, a child whose birth month is recorded as July, 2009, is assumed to be born 
on July 1st 2009 and so on. Therefore, most children will receive a computed age that is 1-30 
days larger than their true age, potentially putting them in a different age-in-months group than 
they truly are. In creating the treatment group, this will likely create a small discrepancy but only 
for observations that just miss the cut, that is, if a child is recorded as being 12 months or just 
over, then these children could in fact be less than 12 months. I decide to include these 
observations within the treatment group if the age in months is 2 months or less over 12. Finally, 





Xitm is a vector of individual characteristics; In my main models, I use a standard set of 
demographic controls – age and age-squared, (in alternate models, I use four age groups 
twenties, thirties, forties and fifties), race and ethnicity (non-Hispanic white, non-Hispanic black, 
Hispanic and other), marital status (married, previously married or never married) and education 
(less than high school, high school diploma, some college and bachelor’s degree); I also estimate 
models where I control for the number of children, gender of the selected child, labor force status 
and family income category –not all are included at the same time; δstm  is a vector of state, year 
and month fixed effects and εitm is an individual-specific error term. β3 is the coefficient of 
interest and provides an estimate of the effect of New Jersey’s paid parental leave policy on new 
parents.44  Linear time trends, state-year fixed effects and state specific linear time trends are also 
included in some models.  
I examine three separate groups of women for identifying policy effects –(i) mothers of 
infants –this is my main treatment group (ii) mothers of toddlers –I use this group because 
theoretically, there might be lingering effects on subjective wellbeing even beyond the first year 
after birth (iii) pregnant women –I include women before birth as anticipatory effects may be 
present, especially since the guarantee of paid leave will likely lessen stress and improve overall 
quality of life.  
                                                          
year is missing, and are not used in the analysis; however, for 4 of these observations, birth 
month is recorded as a future month in the same year as the interview. These 4 observations are 
in 2005, 2006, 2011 and 2012. For the later years, a computed child age in months is also 
provided in the BRFSS dataset where the negative child age appears to be a legitimate child age 
for pregnant women who were interviewed a few months before their due date. I assume this to 
be the case for the remaining 2 negative values from the 2005 and 2006 data and code them as 
being pregnant.  
 






I use two standard within-state control groups of women with older children, 5 to 12 
years, and women with no children45 along with mothers of infants born in non-policy states. I 
make the key assumption that changes in, but not levels of, the health or wellbeing outcome of 
interest would have been the same for the treated and control groups in the absence of the policy. 
Finally, I combine the control groups from the above analyses to implement a triple 
difference equation:  
Yit= β0 + β1Infanti + β2 (Infanti
 * Postt) + β3 (Infanti
 * NJ) + β4 (Postt
 * NJ) + β5 
(Infanti*Postt
 * NJ) + β6X
 + δstm + εit  (3.3) 
Where Infanti represents the main treatment group and is a dummy taking the value of 1 
for mothers of infants, 0-12 months; NJ is a dummy for New Jersey. Rest are as above. β5 is the 
coefficient of interest in this model. Following prior research, I estimate linear probability 
models due to their ease of direct interpretation46. Following now-standard approaches to 
addressing serial correlation of the error terms in case of individual level data with variation of 
policy treatment at a group level, I report robust standard errors clustered at the state level 
(Bertrand, Duflo and Mulainathan 2004).47  
                                                          
45 In supplementary analysis, I also test for robustness using alternate child age groups for older 
children 
 
46 In the nonlinear models, like probit or logit containing an interaction term, Ai and Norton 
(2003) provide the derivation for the cross difference/derivative. However, Puhani (2012) has 
recently argued that in the case of a nonlinear difference-in-differences model, the treatment 
effect, is not simply equal to the cross difference of the observed outcome, but equal to a 
difference of two cross-differences: the cross difference of the conditional expectation of the 
observed outcome minus the cross difference of the conditional expectation of the potential 
outcome without treatment. Puhani suggests that the direction of the treatment effect may be 
gauged from the sign of the coefficient of the interaction term. See also Karaka-Mandic, Norton 
and Dowd (2011). 
 
47 However, doing so may still not address the problem of statistical inference using small 





I control states that are similar to NJ based on some relevant criteria. I mainly focus on 
estimates using states with similar aggregate subjective wellbeing –Illinois, Indiana, Maryland, 
Michigan, Minnesota— as my control states, which I select from prior research based on BRFSS 
2005-2008 data (Oswald and Wu 2010).48 I also check robustness of results to using two 
alternate sets of control states – (a) control states that are similar to NJ, with regard to social and 
economic status for women, based on state-wise rankings on women’s median earnings, 
percentage of women in managerial and professional occupations and percentage of women with 
health insurance, created by the Institute for Women’s Policy Research (IWPR) using data from 
the American Community Survey (ACS) 2009 and 201249. These states include Arkansas, 
Georgia, Idaho, Illinois, Maine, Maryland, New Hampshire and Virginia; (b) control states   with 
similar work and family environment as NJ, based on state-wise data on infant care costs, gender 
                                                          
high. Baker and Milligan 2008 and Rossin-Slater, Ruhm and Waldfogel 2013 conduct a further 
check using a two-step regression framework proposed by Donald and Lang (2007) to address 
this concern. However, see also Brewer, Crossley and Joyce (2013) who show that the problem 
of inference using small number of groups in a DD setting may not be as complicated and may 
be operationalized by using a cluster-robust variance matrix that is now conveniently 
implemented in current statistical software.  
 
48 I exclude other TDI states, such as New York, California, Rhode Island and Hawaii and states 
with less than 50 observations in the pooled wellbeing modules sample. However, in 
supplementary analysis, I also include them in the group of control states to check for sensitivity 
to the choice of control states.  
 
49 These indicators were developed by the Institute for Women's Policy Research based on data 
from the US Census Bureau American Community Survey 2009 and 2012, as part of its "Status 
of Women in the States" initiative; more information can be found at: 
http://www.iwpr.org/initiatives/thestatusofwomenandgirls 









difference in parental labor force participation and overall work-family environment, again 
provided by IWPR (2015)and include Arizona, Florida, Nebraska, Oklahoma, Pennsylvania. 50 
Finally, a potential challenge to the identification strategy is that the New Jersey – 
Pennsylvania- New York region sees a lot of inter-state commute for work. 14% of employed NJ 
residents work outside of NJ and 7% of NJ workers are not residents of NJ (2009-2013 American 
Community Survey Commuting Flows). My identification strategy relies on state of residence 
whereas the policy applies to workers (this is standard in the literature but California does not see 
as high commuter flows as New Jersey). I address this concern in supplementary analysis but 
note that adjusted estimates may not be an improvement, and may in fact be biased, since 
commuting is consistently found to have a negative association with subjective wellbeing 
(Stutzer and Frey 2005).   
3.4 Results 
3.4.1 Descriptive Results 
Figure 3.1 presents mean subjective wellbeing for women in New Jersey before and after 
the policy came into effect. 59.5% of women with infants report being very satisfied with life in 
the pre-policy period, compared to 52.5% in the post-policy period. Control states show the 
opposite scenario, with 50.5% of women with infants reporting being very satisfied with life in 
the pre-policy period and a larger proportion, 56.3% in the post-policy period. Neither of these 
differences are however statistically significant.  For the control group of women with older 
                                                          
50 Specifically, I select the state ranked the same or just above and just below New Jersey in each 
of the parameters, drawing upon Chapter 3 “Work and Family” of the IWPR (2015) report and 
its associated dataset, http://statusofwomendata.org. Indicators and the composite work by IWPR 
from the American Community Survey, Child Care Aware of America 2014 and a prior report by 





children, 5-12 years, (dotted lines in above panels) the trend line appears flat, showing minor 
difference in the pre and post policy period in New Jersey.51 
Fig. 3.1 Mean subjective wellbeing for women with infants in New Jersey and in control states, 
before and after the 2009 policy change, compared to women with older children 
 
Notes Means are weighted by BRFSS annual survey final sampling weights. Pre-Policy means 
before July, 2009. Non Policy States include states that are closest to New Jersey in state level 
subjective wellbeing in the period 2005-2008 based on prior research (Oswald and Wu 2010). 
These control states include Maryland, Minnesota, Illinois, Indiana and Michigan. Differences of 
pre and post policy means are tested using a bivariate regression of very satisfied on post dummy 
for each group; all regressions are weighted by final sampling weights. In New Jersey, differences 
for life satisfaction are not statistically significant for either group, but are marginally significant 
for health status p<0.10 in parents with infants. In the Control States, differences pre and post 
policy are statistically significant for women with 5-12 year olds (p<0.05) for life satisfaction.  
 
Figure 2 presents more detailed trends by year for select wellbeing outcomes and 
suggests that the parallel trends assumption likely holds for the key outcome, life satisfaction, but 
                                                          
51 Regression adjusted mean difference in wellbeing between women who had a birth in New 
Jersey after July, 2009 and women who had a birth in New Jersey before July, 2009, also 
indicate no significant difference in proportion of women reporting being very satisfied 
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see also Appendix D -trends which suggests that the parallel trends assumption may be violated 
for some of the additional wellbeing measures. 52 
Fig 3.2 Trends for Selected Wellbeing Outcomes for Women with Infants in New Jersey and 
in Other States, 2005 – 2012 
 
Notes Vertical line shows the point when the New Jersey PFL became effective, July 2009. Means 
are weighted by BRFSS annual survey final sampling weights. Mean for 2007 “very satisfied with 
life” has very high margins of error and might be unreliable. Non Policy States include states that 
are closest to New Jersey in state level subjective wellbeing in 2005-2008, based on prior research 
(Oswald and Wu 2010). These control states include Maryland, Minnesota, Illinois, Indiana and 
Michigan. 
 
3.4.2 Results from Difference in Difference Analyses 
Table 2 presents results from both difference in difference and triple difference analyses 
showing estimated effects of New Jersey’s paid family leave policy on the subjective wellbeing 
                                                          
52 Appendix A also presents descriptive statistics for key characteristics of the treatment and 
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of new mothers. Overall, I do not find any evidence of a significant policy effect on women’s 
subjective wellbeing.  
Table 3.1 Regression Coefficients showing Estimated Effects of the New Jersey Paid Family 
Leave Insurance Policy on Women’s Subjective Wellbeing  
 Full Sample,  
18-65 years 
Prime Working Age,  
25-44 years 
25-44 years and 
Employed 
 (1) (2) (3) (1) (2) (3) (1) (3) 
         
Post*NJ -0.013 -0.017 -0.007 -0.011 -0.011 -0.003 0.076 0.092 
 (0.019) (0.019) (0.019) (0.024) (0.024) (0.026) (0.036) (0.037) 
Observations 1,932 1,932 1,932 1,527 1,527 1,527 890 890 
        
Infant*Post -0.019 -0.021 -0.018 -0.039 -0.041 -0.043 -0.010 0.002 
 (0.053) (0.053) (0.053) (0.059) (0.058) (0.059) (0.076) (0.076) 
Observations  4,097 4,097 4,097 3,105 3,105 3,105 1,928 1,928 
         
InfantA*Post -0.015 -0.021 -0.013 -0.049 -0.053 -0.048 -0.004 0.010 
 (0.051) (0.051) (0.051) (0.060) (0.059) (0.060) (0.076) (0.077) 
Observations 15,130 15,130 15,130 3,185 3,185 3,185 2,491 2,491 
        
Infant*Post*NJ 0.013 0.008 0.018 -0.009 -0.013 -0.003 0.075 0.092 
 (0.026) (0.024) (0.024) (0.038) (0.037) (0.038) (0.052) (0.052) 
Observations 14,922 14,922 14,922 11,422 11,422 11,422 7,238 7,238 
         
InfantA*Post*NJ -0.004 -0.012 -0.001 -0.038 -0.043 -0.030 0.036 0.056 
 (0.021) (0.019) (0.020) (0.024) (0.024) (0.024) (0.028) (0.030) 
Observations 63,200 63,200 63,200 11,407 11,407 11,407 9,043 9,043 
         
Pre Policy Mean 0.551 0.551 0.551 0.591    0.591    0.591    0.618    0.618    
 (0.026) (0.026) (0.026) (0.028) (0.028) (0.028) (0.037) (0.037) 
         
Source Behavioral Risk Factor Surveillance System Survey Data. 2005-2012. Notes Each of the above 
coefficients is from a separate linear probability model. Row 1 in the top panel presents DD coefficients 
comparing mothers of infants in New Jersey and in control states before and after policy. Row 2 and Row 
3 in the top panel presents DD coefficients comparing NJ mothers of infants with NJ mothers of older 
children (Infant) or NJ women with no children (InfantA), before and after the policy change. The bottom 
panel presents DDD coefficients comparing NJ mothers of infants to NJ mothers of older children or NJ 
women with no children (notations as before), before and after the policy change with similar groups 
before and after policy in control states. Control states are those closest to NJ in state level subjective 
wellbeing, based on prior research (Oswald and Wu 2010) and include Maryland, Minnesota, Illinois and 
Michigan. Robust standard errors clustered at the state level in parentheses (Infant*Post models have 
robust standard errors); *** p<0.001, ** p<0.01, * p<0.05. Each column represents a separate model 
specification. Model 1 includes controls for demographic and family characteristics –age, age squared, 
race and ethnicity, education, marital status, number of children, along with year of survey, month of 
survey, state of residence and state-specific linear time trends (except in case of Infant*Post models which 
are run on the New Jersey sample and therefore do not control for state); Model 2 additionally includes a 
control for labor force status and Model 3 additionally includes family income. I also ran models (not 





fixed effects, state*year dummies instead of state specific linear time trends and models where two or 
more of the control variables are interacted. None of these changes make a meaningful difference to the 
main effect of interest. 
 
Since they combine the within-state and cross-state control groups and produce more 
efficient results, I prefer the triple difference models and going forward, only focus on the 25-44 
age group, who are more likely to be dealing with childbirth. I also continue to separately 
examine the employed women, who are most likely to be affected by the policy. Table 2 shows 
estimated effects on related self-reported measures of wellbeing that may also shed some light on 
potential mechanisms by which the parental leave policy might affect mothers’ subjective 
wellbeing. Once again, I focus on the 25-44 age group and additionally restrict my analysis to the 
employed. I do not find any evidence of policy-related changes in general health status; I do 
however find some evidence of a negative effect on mental and emotional wellbeing, with a half 
day increase in the number of days a woman reports experiencing stress, depression or emotional 
problems in the post-policy period. More importantly, I find a significant improvement in 
physical health for women in the 25-44 year age group overall and even stronger improvements 
for those employed. Finally, employed women seem to experience better emotional and social 






Table 3.2 Regression coefficients showing estimated effects of the New Jersey paid family leave 
insurance policy (July, 2009) on related measures of wellbeing for women 25-44 years old  




No. of days last 
month experienced 
stress, depression or 
emotional problems 
No. of days last 
month physical 
health not good 





 All Emp All Emp All Emp All Emp 
         
Infant*Post*
NJ 
0.033 0.037 0.538* 0.832 -0.873+ -1.417* -0.007 0.072+ 
 (0.030) (0.019) (0.158) (0.434) (0.369) (0.462) (0.008) (0.033) 
Observations 14,085 8,965 13,970 8,904 13,977 8,911 11,415 7,234 
Pre Policy 
Mean 
0.708 0.763 2.446    1.808    2.239    1.866    0.851    0.884    
 (0.026) (0.032) (0.339) (0.357) (0.334) (0.404) (0.020) (0.024) 
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05, + p<0.1; Each coefficient is a DDD coefficient from a separate linear regression model 
comparing NJ mothers of infants to NJ mothers of older children before and after the policy change with 
similar groups before and after policy in control states. LPM indicates linear probability model for binary 
outcomes; Control states are based on the same criteria as before and include Maryland, Minnesota, 
Illinois and Michigan. All models include controls for demographic and family characteristics –age, age 
squared, race and ethnicity, education, marital status, number of children, along with labor force status, 
family income, year of survey, month of survey, state of residence and state-specific linear time trends. 
Models on the all women sample additionally include a control for labor force status 
 
Table 3 looks at anticipatory effects before birth as well as possible lingering effects after the 
first year. I find evidence of a positive effect on the subjective wellbeing of employed women 
with toddlers, indicating a possible lagged effect of the policy on life satisfaction. This could 
happen for a number of reasons –adjustments to new parenthood, return to work and 
readjustment to becoming a new working parent, could all be more stressful in the initial period 
and the benefits of longer or more affordable leaves may not be immediately noticeable. 
However, as New Jersey mothers get more settled in their new roles, balancing work and 
parenting, the positive benefits of paid leave on health, mental health and economic security, 
could be translating into gains in subjective wellbeing for them, compared to mothers of toddlers 





research from California also indicates the possibility of increases to work hours and wages after 
the first year (Rossin-Slater et al 2013) and such consequences might also explain positive 
effects on the life satisfaction of mothers of toddlers.     
Table 3.3 Regression coefficients showing estimated effects of the New Jersey paid family leave 
insurance policy (July, 2009) on women’s subjective wellbeing in the 25-44 years age group, before 
birth, in the first year of birth and after the first year of birth  
 Parent of Infant Parent of Toddler Pregnant 
 All Employed All Employed All Employed 
       
Treat*Post*NJ -0.003 0.092 0.046 0.135* 0.052 0.085 
 (0.038) (0.052) (0.040) (0.037) (0.061) (0.038) 
Observations 11,422 7,238 12,996 8,137 11,137 7,176 
Pre Policy Mean 0.591    0.618    0.541    0.506    0.597    0.604    
 (0.028) (0.037) (0.019) (0.026) (0.028) (0.035) 
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05; Each coefficient is a DDD coefficient from a separate linear probability model comparing NJ 
mothers of infants/toddlers/pregnant women to NJ mothers of older children before and after the policy 
change with similar groups before and after policy in control states. Control states, based on the same 
criteria as before, include Maryland, Minnesota, Illinois and Michigan. All models include demographic 
and family controls –age, age squared, race and ethnicity, education, marital status, number of children, 
family income, along with year of survey, month of survey, state of residence, and state-specific linear 
time trends. Models on the all women sample additionally include a control for labor force status. 
 
Tables 3.4 t o3.7 present estimated effects by key subgroups. For married women, I do 
not find any significant effect on women’s overall life satisfaction, whereas for employed 
unmarried women, I find evidence of a significant positive effect of the policy on subjective 
wellbeing.  For both groups, the policy seems to have had a significant positive effect on 
physical health. The wellbeing difference between married and unmarried women appears to be 
related to differences in emotional health and the adequacy of social and emotional support. 
Married women for instance, report an increase of 1-2 days experiencing stress, depression or 
emotional problems from pre-policy levels, whereas unmarried women, particularly unmarried 





Table 3.4 Regression coefficients showing estimated effects of the New Jersey paid family leave 
insurance policy (July, 2009) on women’s subjective wellbeing in the 25-44 years age group, by 
marital status  
 Very satisfied with 
life 
(LPM) 




No. of days last 
month experienced 
stress, depression or 
emotional problems 
No. of days last 
month physical 
health not good 
 All Employed All Employed All Employed All Employed 
         
Married -0.041 0.054 0.027 0.023 1.122*** 2.177*** -0.482 -1.094* 
 (0.027) (0.054) (0.030) (0.024) (0.144) (0.244) (0.315) (0.339) 
Obs. 8,193 4,927 10,021 6,082 9,942 6,045 9,952 6,043 
         
Not 
Married 
0.107 0.193* 0.015 0.013 -0.920 -2.835+ -
2.177* 
-2.236 
 (0.084) (0.070) (0.091) (0.088) (0.836) (1.263) (0.697) (1.321) 
Obs. 3,229 2,311 4,064 2,883 4,028 2,859 4,025 2,868 
  Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05, + p<0.1; Each coefficient is a DDD coefficient from a separate linear regression model 
comparing NJ mothers of infants to NJ mothers of older children before and after the policy change with 
similar groups before and after policy,  in control states. LPM indicates linear probability model for 
binary outcomes; Control states are based on the same criteria as before and include Maryland, 
Minnesota, Illinois and Michigan. All models include controls for demographic and family characteristics 
–age, age squared, race and ethnicity, education, number of children, family income, year of survey, 
month of survey, state of residence and state-specific linear time trends. Models on the all women sample 
additionally include a control for labor force status. 
 
depression or emotional problems. Unmarried women are also more likely to feel adequate social 
and emotional support in the post-policy period, while married women are less likely to feel the 
same. Table 3.5 presents results separated into two broad educational levels –bachelor’s degree 
or above and less than bachelor’s degree; the latter category includes those with less than a high 
school diploma, those with a high school diploma and those with some college but not a 
bachelor’s degree. For overall life satisfaction, I find no significant effect on either group. Again, 
for both groups, I find significant improvements in physical health, with the policy effect 
stronger for the less educated women. There is a difference in how the policy appears to have 





groups, such that the more educated women experience an increase in the frequency of such 
experiences whereas the less educated women, especially those who are employed, experience a 
decline in the frequency of such experiences.  
Table 3.5 Regression coefficients showing estimated effects of the New Jersey paid family leave 
insurance policy (July, 2009) on women’s subjective wellbeing in the 25-44 years age group, by 
education  
 Very satisfied with 
life 
Very good or 
excellent self-
reported health 
No. of days last 
month experienced 
stress, depression or 
emotional problems 
No. of days last 
month physical 
health not good 
 All Employed All Employed All Employed All Employed 
         
Less than  -0.103 -0.000 0.026 0.049 -0.478 -2.140+ -
1.670** 
-2.339* 
Bachelor’s (0.062) (0.087) (0.079) (0.081) (0.390) (1.050) (0.399) (0.880) 
Obs. 6,227 3,734 7,566 4,507 7,489 4,466 7,491 4,478 
         
Bachelor’s 
degree  
0.074 0.131 0.023 0.013 1.312** 2.430*** -0.261 -0.978* 
 (0.045) (0.072) (0.019) (0.016) (0.256) (0.223) (0.325) (0.334) 
Obs. 5,195 3,504 6,519 4,458 6,481 4,438 6,486 4,433 
         
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05, + p<0.1; Each coefficient is a DDD coefficient from a separate linear regression model 
comparing NJ mothers of infants to NJ mothers of older children before and after the policy change with 
similar groups before and after policy,  in control states. LPM indicates linear probability model for 
binary outcomes; Control states are based on the same criteria as before and include Maryland, 
Minnesota, Illinois and Michigan. All models include controls for demographic and family characteristics 
–age, age squared, race and ethnicity, marital status, number of children, family income, year of survey, 
month of survey, state of residence and state-specific linear time trends. Models on the all women sample 
additionally include a control for labor force status. 
 
Examining results by family income (Table 3.6), I once more find that other than the 
employed women in the lowest income category, for all subgroups, there is evidence of a 
significant improvement in physical health after policy implementation. Other than physical 
health, most of the positive benefits of the policy seem to be concentrated among women in the 





to less than $50,000 category, women see significant positive effects on life satisfaction and in 
families with annual income $50,000 to less than $75,000, women see improvements in general 
health status. Further, the policy appears to have helped reduce emotional problems and stress for 
employed women in the lowest income group. 
Table 3.6 Regression coefficients showing estimated effects of the New Jersey paid family leave 




Very satisfied with 
life 
Very good or 
excellent self-reported 
health 
No. of days last 
month experienced 
stress, depression or 
emotional problems 
No. of days last 
month physical 
health not good 
 All Employed All Employed All Employed All Employed 
         
<25 -0.101 0.009 0.040 0.037 -2.083 -4.926+ -1.737* 1.181 
 (0.142) (0.142) (0.033) (0.161) (1.199) (2.008) (0.664) (1.509) 
Obs. 1,824 957 2,367 1,229 2,338 1,214 2,328 1,215 
         
25- 50 0.322** 0.571** -0.044 -0.024 1.471 3.980* -0.298 -1.980* 
 (0.072) (0.118) (0.098) (0.154) (0.871) (1.216) (0.608) (0.744) 
Obs. 2,355 1,528 2,794 1,819 2,767 1,804 2,779 1,809 
         
50 -<75 0.079 0.033 0.261*** 0.296** 0.632 0.766 -2.49** -3.014** 
 (0.094) (0.184) (0.031) (0.051) (1.133) (1.039) (0.593) (0.608) 
Obs. 2,010 1,380 2,384 1,645 2,374 1,641 2,379 1,645 
         
>75 -0.069 -0.021 -0.022 -0.013 0.775** 1.770** -0.524* -1.343* 
 (0.047) (0.069) (0.036) (0.053) (0.171) (0.296) (0.136) (0.388) 
Obs. 4,496 3,021 5,625 3,831 5,589 3,808 5,594 3,809 
         
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05, + p<0.1; Each coefficient is a DDD coefficient from a separate linear regression model 
comparing NJ mothers of infants to NJ mothers of older children before and after the policy change with 
similar groups before and after policy,  in control states. LPM indicates linear probability model for 
binary outcomes; Control states are based on the same criteria as before and include Maryland, 
Minnesota, Illinois and Michigan. All models include controls for demographic and family characteristics 
–age, age squared, race and ethnicity, education, marital status, number of children, year of survey, month 
of survey, state of residence and state-specific linear time trends. Models on the all women sample 







4.3 Supplementary Analyses  
I conduct several sensitivity and robustness checks. First, I examine whether the key findings are 
sensitive to the choice of control states (see Appendix D). Comparing between the main group of 
control states – those with similar aggregate subjective wellbeing – and two alternate sets of 
control states selected on the basis of similar social and economic status of women or similar 
work and family environments, I find the overall finding of a small to negligible statistically 
insignificant policy effect to be consistent in both the full sample and the prime working age 
sample and the result of a positive although statistically insignificant effect in the employed 
sample. This improves confidence on the main findings. Second, I test sensitivity of the results to 
the choice of comparison groups (see Appendix D) by varying the age range of children whose 
mothers form the key control group. Results remain consistent with prior findings.53  
Discussion  
This study set out to examine the effects of a policy change in New Jersey in 2009 that was 
introduced to ensure paid benefits for workers going on leave for childbirth, adoption or other 
family related medical emergencies, on women’s subjective wellbeing –a global evaluation of 
life, all things considered, or life satisfaction. Using pooled data from a large, nationally 
representative cross-sectional panel over the 2005-2012 period and difference in difference 
research designs, I do not find evidence of any significant effect of this policy change on 
women’s life satisfaction. This result is consistent with the findings from aggregate cross-
national research that finds no effects of parental leave policies on subjective wellbeing (Pezzini 
2005) but differs from country-specific analyses for Germany and UK (d’Addio et al 2014) that 
                                                          
53 See also Appendix D for results using inclusion exclusion criteria based on health insurance 
coverage and county of residence and for Falsification Tests using Michigan or Maryland as 





find strong positive effects. I do however find evidence of improvements in women’s physical 
health after the policy implementation. Given that one of the key objectives of parental leave 
policy is to help women recover physically from childbirth, the increase in the right to paid leave 
after implementation of the NJ PFL could certainly have had a role in this improvement.    
I further find variation in effects in disaggregated analyses, with significant positive 
effects on the life satisfaction of employed single mothers and women from lower-middle 
income families, as well as significant improvements in the experience of stress, depression and 
emotional problems for single mothers, mothers with less than a bachelor’s degree and mothers 
from low income families. This heterogeneity of effects, with noticeable gains to groups with 
relative socio-economic disadvantages, is consistent with prior research that finds unpaid policies 
to be primarily utilized by groups with relative socio-economic advantages and paid policies (or 
increases in cash benefits) to induce relatively larger increases in leave taking as well as second 
order wellbeing effects for groups that tend to face socio-economic disadvantages (Cantor et al 
2001; Klerman et al 2013; Rossin-Slater et al 2013; Han et al 2009; Kerr 2016; Abade et al 2015; 
Carneiro et al 2010).  
I consider four possibilities that might explain the overall null effect on life satisfaction in 
my study. First, mechanisms that would theoretically predict positive effects and those that 
would theoretically predict negative effects on women’s subjective wellbeing, could be canceling 
each other out; results from analyses of alternative self-reported outcomes and potential 
mechanisms are consistent with this possibility. Second, heterogeneity of policy effects across 
different subgroups of the population could be canceling each other out to produce overall no 
effects; results from subgroup analyses provide some evidence supporting this possibility. 





are inadequate for producing significant measurable effects on people’s quality of life. Prior 
research provides compelling evidence of their take-up in the US, but also finds large gaps in 
awareness of such policies, indicating a possible lag effect that might explain my results. And 
finally, I consider the opposite scenario that the policies are affecting women’s wellbeing but 
due to limitations of data and research design, the study is unable to empirically identify these 
effects. Supplementary analyses address some, though not all, of these concerns, and in general 
tend to indicate a bias towards zero. I explore these four possibilities in detail below and 
conclude with some thoughts regarding potential implications for policy and research.      
Are positive and negative effects of the policy canceling each other out?  
A positive wellbeing effect may be explained through the health mechanism since PFL 
appears to significantly improve women’s physical health condition after policy implementation. 
This result is likely directly related to the increased affordability of leave after policy 
implementation, which in turn would allow mothers a longer period of recovery post birth as well 
as less stressful breastfeeding experiences. On the other hand, the policy appears to have 
significantly increased the frequency with which new mothers experience stress, depression or 
emotional problems. While the policy improves affordability of leave, the duration of job protected 
leave is limited to 12 weeks (for those covered by FMLA), and the duration of paid leave to 6 
weeks; meanwhile, early maternal employment has been associated with elevated depressive 
symptoms and parenting stress as well as worse self-rated health, in the first year of birth (Chatterji 
and Markowitz, 2013) and might explain the increases in stress, depression and emotional 
problems that I observe.  
The opposite influences of these potential mechanisms could explain the overall 





whereas, key experiences after childbirth such as caring for the newborn and bonding as a 
family, experiences dealing with economic insecurity and return to work, all likely play an 
important role in the overall life satisfaction in the first year of birth. I draw upon theory to 
explain some of the other potential mechanisms likely at play here.  
Since the PFL is primarily meant to make leave taking more affordable for new parents, it 
follows directly that it would improve new mothers’ economic security, which in turn should 
have positive consequences for overall life satisfaction. However, I consider how the income 
mechanism might also produce negative wellbeing effects, by drawing upon the utilitarian 
perspective on subjective wellbeing (Layard, 1980). Scholars have argued that satisfaction 
depends on status and income relative to the expectation. Since women are more likely to be 
comparing their income during the leave period relative to their past income and not to the 
hypothetical zero income that they would have experienced had there been no PFL in place, they 
might experience an overall negative effect on life satisfaction. Moreover, marginal utility of 
income for decreases in income (to a level below expected income) is theoretically determined to 
be much greater than the marginal utility for increases in income (Layard, 1980). This idea is 
akin to “loss aversion” (Hirschauer et al 2015, Kahneman and Tversky 1991) and therefore, the 
loss to wellbeing from the income lost in the period of leave would trump any gains to utility 
from PFL benefits received, since the policy only provides 50-55% wage replacement. The 
resultant net effect on satisfaction would then be negative. To the extent that both positive and 
negative effects are in play, the overall observed effect on women’s subjective wellbeing may 
appear insignificant.  





Results also point to heterogeneity of wellbeing effects by demographic and socio-
economic subgroup, with particularly strong positive consequences for life satisfaction, 
emotional welllbeing, general health and/or availability of social and emotional support for 
women in lower and middle income families.  Related research shows persistent differences in 
leave coverage and leave taking across the family income distribution in the US that are not 
affected by unpaid leave policies (Kerr 2016). Since over 50% of people covered under FMLA 
list “unable to afford” as the top reason for not taking family leave despite needing it (Klerman et 
al 2013), it follows that introduction of PFL will likely improve the overall wellbeing of new 
mothers who are less likely to be economically secure and/or less likely to have access to 
alternate support systems whether from the state or from within the family. On the other hand, 
there is evidence of increased immunizations for lower income groups after passage of paid 
family leave (Abeda et al 2015).  
In section 1, I have discussed a number of different ways in which introduction of paid 
parental leave policies might have a negative effect on subjective wellbeing of new mothers. Here 
I revisit a few of these factors that are likely relevant for the subgroups for whom I observe 
increases in stress, depression or emotional problems after the policy, that is, married mothers, 
highly educated mothers, mothers from high income families , all of the relatively advantaged 
groups. For married mothers, scholars’ concern about the likelihood that parental leave policies 
will perpetuate or induce a more gendered division of care work within the family (Bergman 1997, 
2008), may become a reality, negatively affecting their emotional health.  While there is growing 
evidence about such policies increasing fathers’ leave-taking as well as joint leave-taking (Bartel 
et al 2015), whether or how they affect gendered norms within households, is less known. For 





belonging to high income families), implementation of a paid family leave policy might create 
expectations of negative career consequences such as occupational segregation or lowered chances 
of attaining managerial positions as well as fears of being “mommy-tracked” (Mandel and 
Semyonov 2005, 2006; Shalev 2008) and could explain the increase in associated stress.  
Once again, the variation in effects for different subgroups of the population might cancel 
each other out and produce overall null effects of the policy change on women’s subjective 
wellbeing.   
Do the policies not have any observable effects on women’s wellbeing?    
While they are good beginnings, the state level PFL policies as they stand now are quite 
weak compared to international norms and do not meet international labor standards (ILO 2014). 
NJ provides partial wage replacement for 6 weeks and so, it is quite possible that its policy 
would make little dent in people’s lives and wellbeing. As a comparison, all advanced economies 
provide at least 14 weeks of paid parental leave, so even though the policy developments are 
important in the US context, their provisions are quite meagre. Prior research does provide 
compelling causal evidence of CA PFL having an effect on leave-taking (Baum and Ruhm 2016, 
Rossin-Slater et al 2013) but the increases are of three to five weeks in magnitude, which may 
not be enough for meaningful second order effects on overall wellbeing quality of life or life 
satisfaction.  
Lack of policy effects on subjective wellbeing could be also be tied to the lack of 
awareness of such a policy. A survey of over 900 randomly selected registered NJ voters 
conducted in 2012 revealed substantial gaps in awareness of the paid family leave policy, with 
60% of respondents reporting not having any awareness of the policy. Further, lack of awareness 





whites, non‐married and people with less than $50,000 annual earnings (Houser and White 
2012). Awareness of the policy also varies by demographic characteristics, increasing with 
family income such that about 34% of respondents in the lower middle income groups were 
aware of it, compared to close to 50% in the upper income families.  
Are policy effects not identified due to limitations of data and research design? 
Three key concerns are addressed here. Firstly, paid family leave policies assure wage 
replacement  during the period of leave, but have nothing to do with job protection (State of 
California Employment Development Department, New Jersey Department of Labor), which 
falls under the federal FMLA or CFRA (California Family Rights Act) or NJFMLA (New 
Jersey’s modified family leave policy) 54. Therefore, the introduction of PFL does not affect the 
coverage limitations of FMLA, CFRA or NJFMLA. It only affects their affordability among 
already covered workers. Therefore, not restricting the analysis to this latter group likely dilutes 
the true effect of the policy. In order to assess the potential direction of bias this issue causes, I 
try an alternate exclusion criteria in supplementary analysis. Since the job-protection policies 
mandate continuing health insurance coverage by the employers during the period of leave, I 
limit my analysis sample to only employed women and exclude women with no health insurance 
coverage at the time of the survey, since them not having health insurance would imply they are 
not covered under FMLA or NJFMLA.  
Secondly, following prior research, I have used state of residence to identify likely 
treated women, whereas, the policies pertain to the state of employment. This is particularly 
relevant for New Jersey, since 14% of workers residing in New Jersey, work in other states while 








8% of New Jersey’s workers, commute from out of state (Mckenzie 2013). I considered using 
commuting patterns both for New Jersey and for surrounding states, New York and 
Pennsylvania, to better identify the likely treated women, but the gains to identification might be 
eclipsed by the likely introduction of selection bias since (as a sub-field of urban economics and 
subjective wellbeing research has consistently found), commuting has a negative relationship 
with subjective wellbeing (Stutzer and Frey 2005; Dolan, Peasgood and White 2008). 
Nevertheless, I try a rough modification where I exclude the top three labor exporting (to other 
states) counties of New Jersey. Excluding the uninsured or residents of the top three commuter 
counties (with workers daily commuting to New York or Pennsylvania), does not induce an 
appreciable difference on the coefficients.  
Finally, none of the within state control groups are completely insulated from the policy 
effects since the PFL can be taken for other family members as well and for the post baby boom 
cohort, women with children under 18 are also likely to have adults family members, primarily 
own parents, requiring care. Therefore, women with infants and women without infants are both 
likely affected so the limitations of within-state control groups might affect identification of the 
true difference in wellbeing between these groups.  Most of these limitations would predict that 
estimated effects would be biased towards zero.  
Implications for Policy and Research 
Findings of this study have important implications for the evidence base regarding US 
state family leave policies. Firstly, while prior research has established important gains to child 
health as a consequence of US state paid parental leave policies, this study provides evidence of 
gains to maternal physical health, further strengthening the maternal and child health argument 





work-family policies, compared to international norms as well as international labor standards. 
Compared to studies that have examined substantially more generous family leave policies and 
found significant positive effects on women’s overall subjective wellbeing, this study finds no 
significant life satisfaction effects in case of policies that provide only 6 weeks of paid leave and 
at a partial wage replacement rate. Prior research has found heterogeneity of effects of parental 
leave policies depending on the design of that policy – for instance, paid leaves shorter than 6 
months are usually associated with positive employment and wage effects, while longer leaves 
have been found to have adverse consequences for women’s employment as well as wages. 
Similarly, if raising overall quality of life for women and families is a goal of family leave 
policies, then evidence from this study suggests that such policies would need to be made 
substantially more generous for noticeable effects on subjective wellbeing. Thirdly, this study 
confirms prior findings from California and New Jersey that groups with relative socio-economic 
disadvantages, such as single mothers and lower to middle income mothers, tend to see 
significant positive wellbeing consequences of paid parental leave policies, thereby also 
highlighting the inequities of unpaid leave policies, which remain the reality for most of the 
country.  And fourthly, this study raises the possibility that the same policy might have negative 
consequences for relatively advantaged groups such as highly educated, high income, and 
married mothers, since increased stress, depression and emotional problems are observed for 
such groups after policy implementation. While I speculate, using prior research and theory, that 
these negative emotional and mental health effects may be a result of expected negative career 
consequences and/or regressive gendered divisions of care within the family, substantially more 
research needs to be conducted to confirm these results and to gauge their underlying 





need for more nuanced leave policies instead of policies that attempt to cater to all kinds of 
women.     
After decades-long inertia in the United States, a number of important developments in 
work-family policy, particularly with regard to paid family leave, has taken place in quick 
succession over the past couple of years, with relevant bills in several state assemblies, highly 
publicized new policies by large employers, and paid family leave making its way into a 
prominent issue in electoral debate. On April 1, 2016, the state of New York passed a paid 
family policy that would become effective as of January 1, 2018 and will provide 12 weeks of 
paid parental leave at 67% wage replacement when fully phased in by 2021. Future research 
should track the implementation and effects of these new policy developments and through 






The goal of this dissertation was to explore how the changing nature of work and family 
lives, juxtaposed against a comparatively stagnant system of supportive work-family policies, 
affect the quality of women’s lives. To do so, I use both standard measures such as wages and 
newer measures such as subjective wellbeing. Further, I directly examine how small but 
important state level policy shifts affect women’s wellbeing. I also attempt to bring together key 
insights from the large scholarship stemming from Becker’s influential work on human capital 
and women’s allocation of time and effort in the household economy compared to the market 
economy, and combine it with insights from the relatively new scholarship on subjective 
wellbeing.  
The dissertation consists of three related empirical papers. In Paper 1, “Trends in the 
Family Gap in Pay, 1977 -200755, we examine changes in the family wage gap –the difference in 
hourly wages between women with children and women without children –over 1977-2007, 
using data from the Current Population Survey Annual Social and Economic Supplements and 
adjust for selection into motherhood, by estimating ordinary least square models and employing 
augmented inverse probability of treatment weighting, a doubly robust estimator of treatment 
effects. Findings indicate that for women overall, after accounting for selection into motherhood, 
the penalty to motherhood in 2007 is similar to 1977. However, the results differ by 
race/ethnicity, education level, and marital status; most importantly, we find that the magnitude 
of the family gap has declined in recent decades for married mothers, but increased for never 
married mothers. In Paper 2, “Patterns in Women’s Subjective Wellbeing by Work and Family 
Status”, I examine patterns in women’s subjective wellbeing by family and employment status, 
                                                          





by using least squares regression models from two important prior studies  and new data – the 
Behavioral Risk Factor Surveillance System annual surveys from 2005 to 2010 and the 
American Time Use Survey’s Well Being modules, 2012 and 2013 – and additionally estimating 
inverse probability of treatment weighted models for multi-level treatments, to adjust for 
selection. Results indicate that for women overall, both parenthood and employment are 
positively associated but the parenthood-employment interaction is negatively associated with 
subjective wellbeing, as measured through a global measure of life satisfaction. While work-
family reconciliation policies overall have not caught up to the changing demands of the family 
and the workplace in the US, a handful of states have made important strides in that regard by 
implementing paid family leave insurance programs (PFL) – provisions that ensure benefit 
payments when parents take leave from work on account of childbirth, thereby making the leave 
more accessible. In paper 3, Effects of State Parental Leave Policies on Women’s Subjective 
Wellbeing”, I examine the effect of state PFL on multiple self-reported indicators of wellbeing, 
such as self-rated general health, emotional wellbeing, adequate sleep and rest, along with 
overall life satisfaction, using the BRFSS data 2005-2012. I identify potentially eligible mothers 
from individual level variation in month-year of child’s birth and state level variation in parental 
leave policies; I employ a difference in difference and a triple difference research design. I find 
no evidence of an effect of New Jersey’s paid family leave insurance policy on parental life 
satisfaction overall, but strong evidence of improvements in women’s physical health. I further 
find variation in effects in subgroup analyses, with significant positive effects on the life 
satisfaction of employed single mothers and women from lower middle income families, as well 
as significant improvements in the experience of stress, depression and emotional wellbeing for 





This dissertation has some implications for social work research and policy. Across all 
three papers, two things stand out –firstly, work-family conflict likely affects women in every 
socio-economic and demographic subgroup, whether reflected in a wage penalty to motherhood, 
or increased stress and depression and secondly, the problem is not the same everywhere, and 
merits more nuanced analysis as well as differentiated policy intervention. While results from my 
first two papers provide some indications about factors (such as marital status, race and ethnity , 
education or family income) that may be influencing results, they cannot conclusively show that 
these factors have any causal implication. For example, marital status appears important for the 
family wage gap. Whether this reveals a causal mechanism, such as may be expected if marriage 
provides better support and help with childcare and household work, or whether it reflects a 
changing selection into marriage, cannot be clarified by this study and merits research in the 
future. Again, both education and family income appear to drive the heterogeneity in subjective 
wellbeing. These results once again highlight the importance of work-family reconciliation in 
women’s wellbeing and further draw attention to the need for interventions and policies that are 
tailored to fit specific needs. Finally, findings of this study may also be taken as a caution against 
exclusive reliance on either objective or subjective measures of wellbeing to monitor social 
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APPENDIX A. ADDITIONAL TABLES AND FIGURES FOR PAPER 1 
 
Table A1. Percentage of women aged 25-44 employed and in the wage sample in 1977, 1987, 
1997, 2007  












15,811 5,294 17,012 8,523 13,676 7,087 20,915 8,916 
Employed  
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Note. Employed = reporting >0 weeks worked last year; Employed and in the wage sample = Employed – 














Table A2. Descriptive Statistics by Year and Motherhood Status  
      









         
Age 33.8       31.7       34.3       32.9     35.2       33.8       35.6      33.5       
 (0.06) (0.09) (0.05) (0.07) (0.05) (0.08) (0.04) (0.07) 
Hours 
Worked 
34.1       38.6       35.0      39.4       35.983       39.913       36.606       39.659       
 (0.12) (0.12) (0.10) (0.10) (0.11) (0.12) (0.08) (0.11) 
Weeks 
Worked 
38.9       45.8       42.9       47.6       45.0       47.8       46.5       48.6       
 (0.17) (0.18) (0.14) (0.12) (0.13) (0.13) (0.09) (0.10) 
Annual  5,803       8,594     13,024  17,921     21,091  26,463  32,649  37,457  
Wages ($) (49.0) (75.9) (96.9) (137.3) (221.8) (317.1) (292.2) (410.6) 
Full time 
(%) 69.5 87.8 70.3 87.3 73.4 86.7 75.7 87 
Part time 
(%)  30.5 12.2 29.7 12.7 26.6 13.3 24.3 13 
Education 
(%) 
       
Less HS  19.9 11.7 11.1 7.0 9.7 6.3 8.0 5.7 
HS diploma 48.2 35.5 46.1 35.2 34.7 25.8 26.3 22.9 
Some 
college 17.3 20.2 22.9 23.9 31.8 29.2 33.0 27.9 
Bachelors 14.7 32.6 19.8 33.9 23.8 38.8 32.7 43.5 
Marital Status (%)        
Married 79.7 47.0 77.6 42.5 73.9 39.1 71.1 34.7 
Previously 
Married 18.5 18.5 18.1 19.2 17.5 18.1 17.2 16.3 
Never 
Married 1.8 34.5 4.3 38.3 8.6 42.7 11.7 49 
Race/Ethnicity (%)        
White Non-
Hispanic 76.2 81.0 77.8 81.9 71.9 77.4 72.3 69.7 
Black Non-
Hispanic 11.8 10.1 11.2 9.7 11.4 10.0 11.0 14.1 
Hispanic 12.0 8.9 10.9 8.4 16.7 12.6 16.7 16.1 
         
N 8,465 4,134 11,073 7,016 9,354 5,639 14,356 7,028 
Notes Mean estimation based on data from the 1978, 1988, 1998 and 2008 March Annual Socio 
Economic Supplement of the Current Population Survey, United States Department of Labor (sourced 
from King et al, 2010 at www.ipums.org). Standard errors in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05; Sample is restricted to prime working age, 25- 44 years; Motherhood status is defined by the 







Figure A1 Stata output showing covariate balance before and after weighting  
 
Note The above density plot pertains to a specific covariate, age, in a specific model, 1997 Table 1 model. 
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Table A3. Estimates of the family gap in pay including younger women, older women, or 
both 
   
 1977 1987 1997 2007 
Including Younger Women (Age: 18-44)  
Mother -0.086*** -0.094*** -0.055*** -0.043*** 
 (0.009) (0.008) (0.009) (0.009) 
N 19,652 24,261 19,092 27,259 
    
Including Older Women (Age: 25-54)  
Mother -0.073*** -0.093***  -0.046***  -0.040*** 
 (0.009) (0.008) (0.009) (0.007) 
N 17,121 23,110 21,063 32,243 
    
Including both younger and older women (Age: 18-54) 
Mother -0.078*** -0.093*** -0.046*** -0.037*** 
 (0.008) (0.007) (0.008) (0.007) 
N 24,174 29,282 25,162 38,118 
Standard errors in parentheses; *** p<0.001, ** p<0.01, * p<0.05 




APPENDIX B. Subjective Well Being in the two Datasets –Measure, Distribution and 
Comparability 
In the BRFSS, respondents are asked, “In general, how satisfied are you with your life – Very 
Satisfied, Satisfied, Dissatisfied, Very Dissatisfied?” In the ATUS, the equivalent question is 
“Please imagine a ladder with steps numbered from zero at the bottom to ten at the top. The top 
of the ladder represents the best possible life for you and the bottom of the ladder represents the 
worst possible life for you. If the top step is 10 and the bottom step is 0, on which step of the 
ladder do you feel you personally stand at the present time?”  
Distribution of Original Measure of Subjective Well Being in the BRFSS 
 

























How satisfied are you with life




I use dummy variables representing whether a respondent is “very satisfied with life” or 
not in both datasets. This is easily done in the BRFSS data, where I dichotomize the life 
satisfaction variable to “very satisfied” such that respondents are either “very satisfied” or not. 
To make the measures comparable between the two datasets, I begin by looking at the 
distribution of the well-being ladder in the ATUS. See figure above –7 is the median category 
and 8 the third quartile for this variable, so I consider respondents who choose rungs 8 or above 
to have above-average subjective well-being or life satisfaction and to correspond to the category 
“very satisfied” in the other dataset. Alternately, I could begin by looking at the distribution of 
the SWB variable in the BRFSS dataset, where 46% of respondents are very satisfied. I consider 
the top 46% of respondents in the ATUS to be “very satisfied”, just as they are in the BRFSS, 
and the rest not. This also pertains quite closely to the respondents who report being on the 
ladder rungs 8, 9 and 10 again.  
In each year in the BRFSS, less 
than 1-2% of respondents are 
coded as answering “don’t 
know”, “not sure” or “refused” 
to the life satisfaction question. I cannot make assumptions about what their true status might be 
in terms of the four available response categories, but do not consider it a huge distortion to 
assume them as not belonging to the topmost category, that is, not “very satisfied”.56 
 
                                                          
56 I delete observations that are missing on the main dependent variable. For all other variables, I 
recode “don’t know/ not sure” and “refused” responses to missing. Doing so affects less than 1% 
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Fig C1. Mean Subjective Well-Being by Work and Family Status, ATUS 2012-2013, 
measured by position on the Cantril Ladder
 
  Sources American Time Use Survey Wellbeing Module (ATUS) 2012 and 2013 Notes All means are 
weighted by the ATUS Wellbeing Module person weights and the BRFSS annual surveys final weights 
respectively, to account for complex survey designs. 0 depicts the bottom of the ladder or “worst possible 



























Table C1. Descriptive statistics for select variables by major categories of employment and 
family status, ATUS Wellbeing modules 2012-2013 pooled sample 
 Employed Unemployed Homemaker Parent Non Parent 
Age 42.084    36.247    43.700    37.192    45.531    
 (0.265) (0.813) (0.441) (0.199) (0.351) 
25-44 years (%)  45.1 46.1 42 70.8 25.9 
Wellbeing (%)      
Very satisfied with life  48.3 32.6 48.5 50.7 45 
Very good or excellent 
general health 
55.7 40.1 34.3 50.5 48.7 
Yesterday was a good day 27.4 23.6 25.6 26.9 26.6 
Yesterday was a typical day 59.6 63.8 62.3 61.1 60.1 
Yesterday was a bad day 13 12.6 12.1 12 13.3 
Well rested 36.2 41 36.2 34.1 38.2 
Somewhat rested 42.7 34.8 35.4 41.2 39.8 
Not rested 21.1 24.2 28.4 24.7 22 
Birth Decade (%)      
Forties  2.5 1.7 4.1 0 4.8 
Fifties  20.5 11.5 27.1 2.7 34.7 
Sixties  26.1 20 22.2 23.9 25.3 
Seventies  22.6 20.3 20.9 39.4 9.8 
Eighties  22.7 29.2 20.2 29.8 17.4 
Nineties  5.7 17.4 5.6 4.2 8.1 
Family Income (%)      
<25,000 14.4 44.4 37.1 23.7 20.8 
25,000 to <50,000 25 25.9 27.9 25.1 26.2 
50,000 to <75,000 21.1 13.1 13 17.6 19.2 
75,000 and above 39.5 16.7 22 33.6 33.8 
Marital Status (%)      
Married  53.3 31.5 63.9 67.1 45.7 
Previously Married 17.2 17.5 14.4 11.6 20 
Never Married 29.5 50.9 21.7 21.3 34.4 
Education (%)      
Less than High School 5.3 21.2 22.8 12.8 9.1 
High school diploma 26.2 33.1 33.8 27.2 29.5 
Some college 28.6 28.6 22.5 25.5 28.2 
Bachelor’s degree 39.9 17.1 21 34.5 33.3 
Race/Ethnicity (%)      
Non-Hispanic white 67.8 49.5 58.5 57.8 68.8 
Non-Hispanic black 11.9 23.2 12.7 12.3 13.3 
Hispanic 14.2 20.3 22.3 23.3 11.9 
Others 6.1 6.9 6.5 6.6 6 
Parent (%)  37.6 48.5 49.5   
Employed (%)    62.8 73.2 
Unemployed (%)    7.8 5.8 
Homemaker (%)    29.4 21 
      
Observations 4,970 454 1,799 3,658 3,565 
 





Table C2. Descriptive statistics for select variables by detailed categories of employment 













Age 38.096    44.484    33.324    39.004    36.285    50.971    
 (0.236) (0.405) (0.818) (1.430) (0.387) (0.721) 
25-44 years (%)  71.3 29.3 64.1 29.1 71.5 13 
Wellbeing (%)       
Very satisfied with 
life  
49.7 47.5 37.7 27.8 56.1 40.9 
Very good or 
excellent general 
health 
55 56.1 35.8 44.1 44.8 24.1 
Yesterday was a 
good day 
27.5 27.3 29.2 18.4 24.9 26.4 
Yesterday was a 
typical day 
60.1 59.3 59 68.3 63.8 60.8 
Yesterday was a 
bad day 
12.4 13.4 11.8 13.3 11.3 12.8 
Well rested 32.7 38.3 38.7 43.3 35.9 36.4 
Somewhat rested 43.7 42.1 36.3 33.4 37.2 33.7 
Not rested 23.6 19.6 25.1 23.4 26.9 29.9 
Birth Decade (%)       
Forties  0 3.9 0 3.2 0 8.1 
Fifties  2.8 31.1 1.7 20.6 2.9 50.9 
Sixties  26.4 26 15.9 23.8 20.8 23.5 
Seventies  41.5 11.2 31.3 10 37 5.1 
Eighties  26.7 20.3 38.7 20.2 34.1 6.5 
Nineties  2.6 7.6 12.4 22.2 5.2 5.9 
Family Income 
(%)       
<25,000 16.5 13.2 56.8 32.7 30.3 43.8 
25,000 to <50,000 24 25.6 23.9 27.7 27.9 27.8 
50,000 to <75,000 20.5 21.4 7.7 18.1 14 12 
75,000 and above 39.1 39.8 11.5 21.5 27.8 16.4 
Marital Status 
(%)       
Married  66.7 45.3 39.7 23.8 75.2 52.8 
Previously Married 13.6 19.4 13.7 21.2 6.9 21.7 
Never Married 19.8 35.3 46.6 55 17.9 25.5 
Education (%)       
Less than High 
School 6.3 4.7 32.3 10.7 21.6 23.9 
High school 
diploma 25.7 26.5 33 33.2 28.9 38.5 
Some college 27.7 29 21.9 34.8 21.7 23.3 
Bachelor’s degree 40.3 39.7 12.8 21.3 27.9 14.2 





(%)       
Non-Hispanic 
white 62.1 71.1 42.5 56.2 52.6 64.2 
Non-Hispanic 
black 12.4 11.7 24.9 21.6 8.8 16.5 
Hispanic 19.3 11.2 29.3 11.8 30.4 14.5 
Others 6.3 5.9 3.4 10.3 8.2 4.9 
Observations 2,402 2,568 252 202 1,004 795 
 
Table C3. Descriptive Statistics for select variables by major categories of employment and 
family status, BRFSS pooled sample 2005-2010 
 Employed Unemployed Homemaker Parent Non Parent 
Age  41.049    38.553    39.844    36.565    45.285    
 (0.034) (0.117) (0.065) (0.032) (0.051) 
25- 44 years (%) 0.483    0.442    0.591    0.707    0.259    
Wellbeing (%)      
Very satisfied with life 46.5 26.8 49.8 45.8 45.1 
Very good or excellent general 
health 62.3 42 54.7 60 57.8 
No emotional or mental 
problems last month 59.4 47.8 61.7 58.1 59.8 
Well rested 21.1 26 27.1 20.2 25.7 
Not well rested 22.7 25.9 22.2 26.2 19.1 
Birth Decade (%)      
Forties  8.4 7.8 9.4 1 17.4 
Fifties  23.8 19.8 16.4 9.9 36 
Sixties  26.4 21.9 24.7 32.5 17.8 
Seventies  24.3 21.8 33 38.1 11.6 
Eighties  16.1 26.1 16.2 17.7 16.1 
Nineties  1 2.7 0.3 0.8 1.2 
Family Income (%)      
<25,000 15.5 45.9 25 22.2 17.5 
25,000 to <50,000 24.3 19.9 21.2 22.3 24.5 
50,000 to <75,000 18.7 8.8 13.5 16 17.7 
75,000 and above 33.4 10.3 26.2 30.7 29 
Marital Status (%)      
Married  61.4 43.1 85.4 71.5 56.5 
Previously Married 16.4 21 5.6 12.2 17.5 
Never Married 22.3 35.9 9.1 16.4 26 
Education (%)      
Less than High School 5.3 16.7 18.8 11.1 6.5 
High school diploma 23.9 34.8 29.6 25.1 27 
Some college 28.7 26.8 23.4 27.1 27.9 
Bachelor’s degree 42.1 21.8 28.1 36.7 38.6 
Race/Ethnicity (%)      
Non-Hispanic white 70.6 54.3 63.8 63.4 73 
Non-Hispanic black 11 17.5 3.7 10.6 9.6 




Hispanic 12.2 19.8 26.2 19.5 11.1 
Others 6.3 8.4 6.2 6.6 6.4 
Parent (%)  48.6 51.5 73.6 100 0 
Employed (%)    64.5 79.5 
Unemployed (%)    8.4 9.2 
Homemaker (%)    27.1 11.3 
      
Observations 562,025 57,511 124,578 339,789 404,325 
Sources Table C1-C4 American Time Use Survey Wellbeing Module (ATUS WB), Sandra Hofferth, 
Sarah M. Flood, and Matthew Sobek. 2013. American Time Use Survey Data Extract System: Version 
2.4 [Machine-readable database]. Maryland Population Research Center, University of Maryland, College 
Park, Maryland, and Minnesota Population Center, University of Minnesota, Minneapolis, Minnesota; 
Behavioral Risk Factor Surveillance System Survey Data (BRFSS) Atlanta, Georgia: U.S. Department of 
Health and Human Services, Centers for Disease Control and Prevention (CDC), 2005-2012.  
Notes for Table C1-C4 All means are weighted by the ATUS Wellbeing Module person weights and the 
BRFSS annual surveys final weights respectively, to account for complex survey designs.  
 
  




Table C5. Estimated Coefficients on Number of Children and Employment Status from Linear 
Probability Models of Life Evaluation for women 25-44 years  
 ATUS BRFSS 
   
One child 0.102+ 0.047*** 
 (0.052) (0.006) 
Two children 0.138** 0.063*** 
 (0.050) (0.006) 
Three or more children 0.170*** 0.084*** 
 (0.051) (0.006) 
Employed 0.065 0.043*** 
 (0.047) (0.005) 
One children*Employed -0.090 -0.053*** 
 (0.058) (0.007) 
Two children*Employed -0.122* -0.068*** 
 (0.055) (0.006) 
Two children*Employed -0.184** -0.088*** 
 (0.060) (0.006) 
Observations 3,689 314,245 
R squared 0.079 0.106 
   
Sources American Time Use Survey Wellbeing Module 2012-2013; Behavioral Risk Factor Surveillance 
System Survey Data (BRFSS) 2005-2012. Note. Standard errors in parentheses; *** p<0.001, ** p<0.01, 
* p<0.05, + p<0.1; each column in each panel presents coefficients from a separate regression model of 
life evaluation (dummy for very satisfied with life) on number of children (one, two and three children 
compared to no children), employed, and their interactions, along with controls for age age squared, birth 
decade, race and ethnicity, education, marital status, family income, household size (only in ATUS) state 
of residence and year. Coefficients on one child, two children, and three children are all significantly 
different from one another (p<0.001); Coefficient on one child is not significantly different from 
coefficient on employed. Coefficient on two children and three children are both significantly different 









Table C6. Estimated coefficients from ordinary least squares regressions of self-reported health, 
sleep and rest, and emotional wellbeing on parenthood, employment and their interaction for 
women 25-44 years old, by Education 






























was a good 
day 
(LPM) 
 BRFSS ATUS BRFSS ATUS BRFSS ATUS 
Less than high school      
Parent  0.007 -0.008 1.000* -0.036 -0.466+ 0.081 
 (0.013) (0.111) (0.429) (0.127) (0.264) (0.125) 
Employed  0.027+ 0.083 0.837 -0.060 -0.452 0.283+ 
 (0.016) (0.146) (0.550) (0.167) (0.327) (0.163) 
Employed and 
Parent 
-0.015 -0.021 0.125 -0.073 0.396 -0.297+ 
 (0.017) (0.156) (0.588) (0.178) (0.350) (0.175) 
Observations 22,159 297 10,744 297 21,853 297 
High school graduate      
Parent  0.058*** 0.120 1.867*** 0.043 -0.182 0.081 
 (0.009) (0.088) (0.296) (0.080) (0.164) (0.087) 
Employed  0.054*** 0.102 0.771* 0.146+ -1.102*** 0.031 
 (0.010) (0.094) (0.316) (0.086) (0.172) (0.093) 
Employed and 
Parent 
-0.048*** -0.123 -0.254 -0.094 0.577** -0.058 
 (0.011) (0.101) (0.341) (0.093) (0.186) (0.101) 
Observations 72,489 757 33,207 757 71,682 757 
Some college       
Parent  0.070*** 0.015 3.248*** -0.062 -1.400*** 0.073 
 (0.010) (0.088) (0.312) (0.084) (0.172) (0.080) 
Employed  0.047*** -0.009 1.451*** -0.022 -2.253*** 0.026 
 (0.010) (0.093) (0.321) (0.088) (0.175) (0.084) 
Employed and 
Parent 
-0.058*** 0.053 -1.026** 0.065 1.823*** -0.020 
 (0.011) (0.099) (0.342) (0.094) (0.186) (0.089) 
Observations 86,848 993 42,325 993 86,191 993 
Bachelor’s degree and above      
Parent  0.056*** 0.080 4.814*** 0.018 0.023*** 0.069 
 (0.008) (0.083) (0.276) (0.086) (0.006) (0.085) 
Employed  0.037*** 0.077 1.884*** 0.053 0.053*** 0.113 
 (0.008) (0.079) (0.272) (0.082) (0.006) (0.082) 
Employed and 
Parent 
-0.063*** -0.129 -1.803*** -0.107 -0.048*** -0.105 
 (0.009) (0.084) (0.288) (0.088) (0.007) (0.087) 
Observations 132,069 1,642 67,172 1,642 131,992 1,642 
 
 




Table C7 Estimated Coefficients on Multiple “Treatment” Levels of Employment and Parenthood 
on Subjective Wellbeing  
 ATUS 2012-2013 BRFSS 2005- 2010 SET 1 
 (1) (2) (3) (1) (2) (3) 
Employed, Non-Parent 0.023 0.022 0.019 0.040*** 0.043*** 0.036*** 
 (0.026) (0.025) (0.026) (0.005) (0.005) (0.005) 
Unemployed, Parent -0.168*** -0.168*** -0.152*** -0.096*** -0.108*** -0.137*** 
 (0.039) (0.038) (0.043) (0.016) (0.015) (0.013) 
Unemployed, Non-
Parent 
-0.172*** -0.172*** -0.186*** 
-0.118*** -0.107*** -0.150*** 
 (0.051) (0.049) (0.048) (0.012) (0.011) (0.009) 
Homemaker, Parent 0.062 0.063 0.133** 0.017 0.030* 0.002 
 (0.052) (0.050) (0.051) (0.012) (0.013) (0.011) 
Homemaker, Non-
Parent 
-0.095* -0.092* -0.035 
0.017 0.037** 0.047*** 
 (0.039) (0.038) (0.043) (0.014) (0.012) (0.013) 
Observations 7223 7223 7223 89,888 126,696 145,780 
Potential Outcome 
Mean  
0.450*** 0.450*** 0.445*** 
0.435*** 0.435*** 0.440*** 
for  Employed, Parent (0.023) (0.022) (0.023) (0.004) (0.004) (0.004) 
       
Sources American Time Use Survey Wellbeing Module (ATUS WB); Behavioral Risk Factor 
Surveillance System Survey Data (BRFSS). Note. Each column represents coefficients from Inverse 
Probability Weighted regressions of very satisfied with life on the multi-level “treatment” status, where 
the treatment is modeled in three separate multinomial logit models; all treatment models include some 
indicator and specification of age (age and age squared, or 4 age category dummies, or dummy for 
prime working age), marital status (dummy for married or 3-category marital status), race and ethnicity 
(dummy for white and/or dummy for Hispanic, or 4 category race variable), two or three-way 
interactions between race, marital status and education (dummy for graduate or standard 4 category 
variable);  Covariate balance is checked for each selection model such that standardized differences 
may be close to zero, and variance ratios may be close to one, after weighting, indicating that the 
weighting technique using estimated propensity score, has balanced the covariates; however, given that 
there are over 50 covariates, across the 6 treatment statuses, not all covariates meet the above rule in 
any given model. Figure C2 below shows a sample covariate balance before and after weighting and 
depicts the base case scenario. In each case, model 3 is more balanced than model 2; model 2 and 













Figure C2. Stata output showing covariate balance before and after weighting  
 
The above density plot pertains to a specific covariate, age, in a specific model, model 3 of the pooled 
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Table D1. Coefficients showing regression adjusted mean difference in wellbeing between women 
who had a birth before and after the policy change in New Jersey 
 Full Sample, 18-65 years 
 (1) (2) (3) 
    
BirthPost  0.084 0.088 0.080 
 (0.052) (0.052) (0.052) 
Obs. 10,197 10,197 10,197 
R-squared 0.069 0.073 0.086 
    
 Prime Working Age, 25-44 years 
BirthPost  0.085 0.090 0.070 
 (0.057) (0.057) (0.057) 
Obs. 6,566 6,566 6,566 
R-squared 0.076 0.082 0.100 
    
 25-44 years and Employed 
BirthPost  0.099 0.099 0.085 
 (0.068) (0.068) (0.069) 
Obs. 4,120 4,120 4,120 
R-squared 0.066 0.066 0.083 
Source Behavioral Risk Factor Surveillance System Survey Data. 2005-2012. Notes Each of the above 
coefficients is from a separate linear probability model (equation 3.1 in the text). Robust standard errors 
in parentheses; *** p<0.001, ** p<0.01, * p<0.05. Each column represents a separate model specification. 
Model 1 includes controls for demographic and family characteristics –age, age squared, race and 
ethnicity, education, marital status, number of children, along with year of survey and month of survey; 
Model 2 additionally includes a control for labor force status and Model 3 additionally includes family 
income. 
  




Fig D1. Trends for Selected Wellbeing Outcomes for Women with Infants in New Jersey and 
in Other States, 2005 – 2012 
 
 
Source: Behavioral Risk Factor Surveillance System Survey Data. 2005-2012.  
Notes Vertical line shows the point when the New Jersey PFL became effective, July 2009. Means 
are weighted by BRFSS annual survey final sampling weights. Mental Health is measured as the 
number of days in the past month that the respondent experienced stress, depression or emotional 
problems; Physical Health is measured as the number of days in the past month that the respondent 
experienced poor physical health such as injuries and illnesses. Non Policy States include states 
that are closest to New Jersey in state level subjective wellbeing in 2005-2008, based on prior 
research (Oswald and Wu 2010). These control states include Maryland, Minnesota, Illinois, 











2005 2006 2007 2008 2009 2010 2011 2012
Mental Health NJ women with infants
Mental Health Other states women with infants
Physical Health NJ women with infants
Physical Health Other states women with infants




Table D2 Descriptive Statistics by Pre and Post Policy for Treatment and Control Groups in New 
Jersey and Control States in the Behavioral Risk Factor Surveillance System Random Child 










Women with no 
children 
















         
Age  31.3    31.4    32.9    32.5    38.0    37.9    47.3    47.3 
 (0.552) (0.608) (0.380) (0.430) (0.239) (0.223) (0.251) (0.251) 
Age Group (%)         
<25 19.3 21.1 15.3 14.4 5.9 3.9 9 9 
25-44 75 73.2 78.2 79.7 76.4 77.3 24.5 24.5 
45-54 3.8 3.6 3.6 3.9 15.1 16.6 27.7 27.7 
>54 1.9 2 2.9 2 2.5 2.2 38.8 38.8 
Employment Status (%)          
Employed 56.6 63.3 60 65.3 68.5 69.4 73.7 73.7 
Unemployed 15.9 15.2 8 10 7.1 11.2 12.6 12.6 
Out of Labor Force  27.5 21.5 32 24.7 24.4 19.4 13.7 13.7 
FamilyIncome (%)         
Less than 25K 21.4 24 16.7 20 17.3 20.1 14.6 14.6 
25K to less than 50K 13.1 12.9 15.8 17.4 15.3 17.4 18.3 18.3 
50K to less than 75K 14.7 11.7 12.1 8.2 13.9 11.3 16 16 
75K and above 39.7 39.9 44.7 46.5 44 41.7 37.2 37.2 
Missing  11.1 11.4 10.6 7.9 9.5 9.5 13.9 13.9 
Marital Status         
Married  72.7 67.7 74.8 65.8 70.8 65.1 52.8 52.8 
Previously Married 6.1 3.2 5.2 7.1 12 12.1 18.6 18.6 
Never Married 21.2 29.1 20 27.2 17.2 22.8 28.6 28.6 
Education (%)         
Less than High School 11.3 6.7 7.4 9.7 7.5 9.7 5.4 5.4 
High School 17.7 20.7 20.2 24 22.4 23.5 25.6 25.6 
Some College 22.4 25.8 22.4 21 25.3 25.3 26.5 26.5 
College Graduate 48.7 46.7 49.9 45.3 44.8 41.5 42.6 42.6 
Race and Ethnicity (%)         
Non-Hispanic White 55.7 50.8 57.1 51.1 57.2 53.7 67.2 67.2 
Non-Hispanic Black 9.5 12.3 10.4 15.7 12.6 14.9 11 11 
Hispanic 25.3 22.1 24 23.8 21.6 21.6 12.1 12.1 
Others 9.6 14.7 8.6 9.4 8.6 9.8 9.7 9.7 
Observations 374 336 828 622 2,644 2,437 11,311 10,490 
 
CONTROL STATES 
    
Age  29.9    31.4    30.8    31.8    37.0    37.3    47.1    47.8    
 (0.288) (0.443) (0.257) (0.329) (0.141) (0.189) (0.129) (0.142) 
Age Group (%)         
<25 25 17.1 22.7 17.9 5.3 5.1 10.2 9.8 
25-44 69.8 76.3 72.3 75.5 79.7 80 22.8 21.3 




45-54 3.7 4.6 3.6 3.6 12.2 12.1 30.8 29.7 
>54 1.5 2 1.4 3.1 2.8 2.8 36.2 39.1 
Employment Status (%)          
Employed 61.1 66.9 63.5 63.9 69.6 68.6 75.6 73.3 
Unemployed 8 9.8 10.3 12.3 6.6 9.8 6.4 8.8 
Out of Labor Force  31 23.3 26.2 23.9 23.9 21.6 17.9 17.9 
FamilyIncome (%)         
Less than 25K 20.8 22 18 24.7 17.5 21.2 13.8 17.6 
25K to less than 50K 23 20.1 24 17.8 22.7 18.3 25.5 23.5 
50K to less than 75K 17.6 15.4 18.9 12.7 19.1 17.3 19.1 17.8 
75K and above 30.7 37.3 30.5 36.9 34.3 37.4 29.5 30.7 
Missing 8 5.2 8.7 7.9 6.5 5.8 12.1 10.4 
Marital Status         
Married  70.4 71.7 72.1 67.9 71.5 70.2 59.2 55.5 
Previously Married 6.8 5.1 6.1 6.3 12.6 12.3 16.9 17.4 
Never Married 22.8 23.2 21.9 25.8 15.9 17.5 23.9 27.1 
Education (%)         
Less than High School 8.9 3.9 7.4 9.9 5.9 7 4 4.9 
High School 22.5 19.7 23.7 17.7 25 21.3 28 27 
Some College 27 32.2 27.1 29.5 30.5 29.9 28.8 32.1 
College Graduate 41.7 44.2 41.9 42.9 38.5 41.8 39.3 36 
Race and Ethnicity (%)         
Non-Hispanic White 73.8 69.6 74.4 68.3 71.6 70 79.2 77.6 
Non-Hispanic Black 11.7 13.7 11.9 12.9 13.5 14.8 11.4 13.1 
Hispanic 7.6 11 7.5 11.6 8.7 9.7 4.5 4.1 
Others 7 5.7 6.1 7.1 6.3 5.5 4.9 5.2 
Observations 1,092 573 2,062 1,104 6,766 4,309 33,842 35,568 
Notes Means are weighted by BRFSS annual survey final sampling weights. Pre-Policy period includes 
January, 2005 to June, 2009 and Post-Policy period includes July 2009 to December 2012. Non Policy 
States include states that are closest to New Jersey in state level subjective wellbeing, 2005-2008, based 
on prior research (Oswald and Wu 2010). These control states include Maryland, Minnesota, Illinois, 










Table D3. Regression Coefficients showing Estimated Effects of State Paid Parental Leave Policies 
on Women’s Subjective Wellbeing for Alternate Sets of Control States  
Control States   Full Sample, 
18-65 years 
Prime Working 
Age, 25-44 years 
25-44 years and 
Employed 
States with similar aggregate  
subjective wellbeing (excluding TDI 
states) 
   
   0.008 -0.013 0.075 
  (0.024) (0.037) (0.052) 
  14,922 11,422 7,238 
States with similar social and  
economic status of women 
   
   -0.002 -0.009 0.042 
   (0.029) (0.024) (0.059) 
   15,312 11,591 7,504 
States with similar work 
and family environment 
    
   0.024 0.021 -0.010 
   (0.051) (0.035) (0.066) 
   9,211 6,890 4,230 
States with similar aggregate  
subjective wellbeing (including TDI 
states) 
   
   0.024 -0.020 0.078 
   (0.022) (0.034) (0.044) 
   16,814 12,957 8,389 
      
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05; Each coefficient is a DDD coefficient from a separate linear probability model comparing NJ 
mothers of infants to NJ mothers of older children before and after the policy change with similar groups 
before and after policy in control states. Control states in the first panel are as before, states that are 
closest to NJ in aggregate state level subjective wellbeing 2005-2008, based on prior research (Oswald 
and Wu 2010) and include Maryland, Minnesota, Illinois and Michigan in the BRFSS analysis. Control 
states in the second panel are states with similar social and economic status for women, based on state-
wise rankings on women’s median earnings, percentage of women in managerial and professional 
occupations and percentage of women with health insurance, created by the Institute for Women’s Policy 
Research (IWPR) using data from the American Community Survey (ACS) 2009 and 2012. These states 
include Arkansas, Georgia, Idaho, Illinois, Maine, Maryland, New Hampshire and Virginia; Control states 
in the third panel are states with similar work and family environment, based on state-wise data on infant 
care costs, gender difference in parental labor force participation and overall work-family environment, 
provided by IWPR (2015)and include Arizona, Florida, Nebraska, Oklahoma, Pennsylvania. All models 
include controls for demographic and family characteristics –age, age squared, race and ethnicity, 
education, marital status, number of children, along with labor force status, year of survey, month of 
survey, state of residence and state-specific linear time trends.  
 
 




Table D4. Regression Coefficients showing Estimated Effects of State Paid Parental Leave Policies 
on Women’s Subjective Wellbeing for Alternate Sets of Control Groups 
  Full Sample, 
18-65 years 
Prime Working 
Age, 25-44 years 
25-44 years and 
Employed 
Compared to women 
with 5-12 year olds  
   
  0.018 -0.003 0.092 
  (0.024) (0.038) (0.052) 
  14,922 11,422 7,238 
Compared to women 
with 3 to 10 year olds 
   
  0.020 0.005 0.085 
  (0.028) (0.036) (0.052) 
  14,711 11,878 7,281 
Compared to women 
with 3 to 5 year olds 
   
  0.046 0.048 0.124 
  (0.039) (0.034) (0.049) 
  5,654 4,653 2,712 
Compared to women 
with 10 to 12 year olds 
    
  0.012 -0.015 0.073 
  (0.041) (0.056) (0.065) 
  5,695 4,085 2,585 
     
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05; Non –Illinois, Indiana, Maryland, Massachusetts, Michigan, Minnesota, Missouri, New 
Hampshire, and Washington. Each coefficient is a DDD coefficient from a separate linear probability 
model comparing NJ mothers of infants to NJ mothers of older children before and after the policy 
change with similar groups before and after policy in control states. Control states include states that are 
closest to NJ in aggregate state level subjective wellbeing 2005-2008, based on prior research (Oswald 
and Wu 2010) and include Maryland, Minnesota, Illinois and Michigan. All models include controls for 
demographic and family characteristics –age, age squared, race and ethnicity, education, marital status, 
number of children, along with labor force status, year of survey, month of survey, state of residence and 





Table D5. Regression Coefficients showing Estimated Effects of State Paid Parental Leave Policies 
on Women’s Subjective Wellbeing for Alternate Inclusion-Exclusion Criteria  
   Full Sample, 
18-65 years 
Prime Working 
Age, 25-44 years 
25-44 years and 
Employed 
Main Analysis      
   0.008 0.075 -0.013 
   (0.024) (0.052) (0.037) 
Obs.    14,922 11,422 7,238 
Pre policy mean  0.551 0.591    0.618    
  (0.026) (0.028) (0.037) 
Excluding respondents 
with no health insurance 
    
   0.009 -0.019 0.054 
   (0.018) (0.035) (0.052) 
Obs.    13,130 10,106 6,641 
Pre policy mean   0.602 0.639 0.629 
   (0.028) (0.029) (0.037) 
Excluding respondents from high labor 
export counties of NJ 
   
   -0.012 -0.012 0.088 
   (0.025) (0.038) (0.052) 
Obs.    14,486 11,081 7,042 
Pre policy mean   0.548 0.588 0.625 
   (0.027) (0.029) (0.038) 
      
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05, + p<0.1; Each coefficient is a DDD coefficient from a separate linear probability model 
comparing NJ mothers of infants to NJ mothers of older children before and after the policy change with 
similar groups before and after policy in control states. Control states are based on the same criteria as 
before and include Maryland, Minnesota, Illinois and Michigan. All models include controls for 
demographic and family characteristics –age, age squared, race and ethnicity, education, marital status, 
number of children, along with labor force status, year of survey, month of survey, state of residence and 
state-specific linear time trends. High labor export counties include Sussex, Warren and Ocean counties, 
based on data from the American Community Survey compiled in the table “Residence County  to 
Workplace County Commuting Flows for the United States and Puerto Rico Sorted by Residence 
Geography: 5-Year ACS, 2009-2013”,  http://www.census.gov/population/metro/data/other.html and 
B08007 “Sex of workers by place of work-state and county level” based on 2009 ACS 1 year estimates, 









Table D6. Falsification Tests  







    
Infant*Post*MD -0.052 -0.061 -0.134 
 (0.025) (0.043) (0.050) 
Observations 10,825 8,317 5,310 
    
Infant*Post*MI -0.056 -0.093 -0.047 
 (0.029) (0.043) (0.064) 
Observations 10,825 8,317 5,310 
Notes Robust standard errors clustered at the state level in parentheses; *** p<0.001, ** p<0.01, * 
p<0.05; Each coefficient is a DDD coefficient from a separate linear probability model comparing 
mothers of infants in the false policy state (MD=Maryland; MI=Michigan) to mothers of older children 
before and after the policy change with similar groups before and after policy in control states (control 
states do not include New Jersey). Control states are based on the same criteria as before and include 
Minnesota, Illinois and Michigan when the policy state is Maryland, and Minnesota, Illinois, Maryland 
when the policy state is Michigan. All models include controls for demographic and family characteristics 
–age, age squared, race and ethnicity, education, marital status, number of children, along with labor force 
status, year of survey, month of survey, state of residence and state-specific linear time trends.  
